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“Katera je bila tvoja največja avantura?” je vsakega posebej zasliševal Robert, ko nas je, Katjo, 
Petra in mene, nekega julijskega večera leta 2014 v Madisonu povabil k sebi na večerjo. Vsi 
trije smo bili tik pred začetkom doktorata. Spomnim se velike zadrege, ki me je spreletela ob 
omenjenem vprašanju. Dan se je že prevešal v naslednjega, signali v možganih pa so po nekaj 
popitih IPA-h že preskakovali precej počasneje kot običajno. Ne vem več, kaj sem odgovoril – 
najbrž kaj butastega. Vsekakor pa se nisem zavedal, da bodo moje pretekle in prihodnje 
avanture, kot na primer nočno potapljanje z jato morskih psov sredi Velikega koralnega 
grebena, plezanje na lastno pest (ob tveganju dveh mesecev zapora) v bližino kraterja aktivnega 
ognjenika Stromboli, veslanje na narasli Soči po močnih nalivih, igranje koncertov pred 
tisočglavimi množicami in še mnoge druge, mala malica v primerjavi z doktoratom. Ta večletna 
avantura je bila vse v enem: vznemirljiva in duhamorna, navdihujoča in frustrirajoča, 
adrenalinska in pomirjujoča, optimistična in črnogleda, osvobajajoča in klavstrofobična, 
konsonančna in disonančna, dur in mol, užitek in trpljenje, vsekakor pa izjemen privilegij in 
odlična šola za življenje. Še posebej v sedanjih čudnih časih, kjer v družbi prosperirajo 
narcisizem, primitivizem in antiintelektualizem, bi jo toplo priporočal vsakomur. Resnično 
hvala za priložnost, Robert! 
Na tej avanturi me je spremljajo veliko število ljudi, preveliko, da bi se lahko vsakemu posebej 
zahvalil.  
Iskrena hvala vsem članom programske skupine Medicinska fizika, še posebej fizikalnemu delu 
na Fakulteti za matematiko in fiziko, s katerimi sem skozi leta delil mnogo zgoraj opisanih 
občutij. Zelo burnih znanstvenih in političnih debat ob kosilu se bom vedno spominjal z 
iskrivim nasmeškom na obrazu!  
Hvala celotni skupini v Madisonu. Redna čezatlantska sodelovanja so mi utrjevala zavedanje, 
da je znanost globalna in se nikakor ne konča na vršacih Karavank, ob rezilni žici na Kolpi 
(alias tehnični oviri) ter ob preštevanju točk A-črtica. 
Hvala vsem sodelavcem z Odseka za reaktorsko fiziko (F8) Inštituta Jožef Stefan. Čeprav sem 
kot medicinski fizik večino časa preživel s skupino na fakulteti, sem tako inštitut kot odsek 
vedno smatral za primarni znanstveni dom.  
Posebna poimenska zahvala gre dr. Martini Vrankar, s katero sem pri kliničnih raziskavah 
največ sodeloval. Številni sestanki z njo na Onkološkem inštitutu Ljubljana so me vsakič 
posebej spomnili in opomnili, zakaj počnemo, kar počnemo. Hvala, Tina! Zahvaljujem se tudi 
vsem ostalim z inštituta, ki so sodelovali pri predkliničnih in kliničnih študijah. 
Prav posebno mesto pa bo v mojem srcu in glavi vedno namenjeno znameniti pisarni 423 na 
Fakulteti za matematiko in fiziko. Z Marušo in Ano smo skupaj začeli premagovati ovire na 
poti do doktorata, zadnja leta v njej preživeli približno tretjino svojega življenja in doživeli 
nešteto neprecenljivih trenutkov, ki nam bodo za vedno ostali v spominu. Malce kasneje so se 
nam pridružili še Luka, Jošt, Žan in Eva. Iskrena hvala tudi njim! Prepričan sem, da niti čas ne 
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bo mogel izbrisati vezi, ki so nastale, zato se že vnaprej veselim vseh prihodnjih srečanj! 
Maruša, boš lahko ti prevzela organizacijo in nam poslala “kao neku vabilu”? 
Ob koncu gre velika zahvala celotni družini. Čeprav so jim vse moje avanture, vključno z 
doktoratom, povzročile in povzročajo nemalo sivih las, so mi vedno nudili in nudijo 
brezpogojno podporo. Iskrena hvala! Hvala tudi družini Uršič za vse M-je in cigare! 
In seveda… Hvala, Katja! Naključje je hotelo, da sva avanturo doktorata doživljala istočasno. 
Pri nekaterih projektih sva celo profesionalno sodelovala, zato je znanost, izraženo v žargonu 
pandemije Covid-19, “okužila” tudi najino zasebno življenje in potencirala vse zgoraj omenjene 
“simptome” – tako tiste negativne kot pozitivne. Slednjih pa je bilo zagotovo bistveno več. Na 
tisti večerji pred leti je Robert še omenil, da je biti mentor doktorandu zelo podobno, kot biti 
starš otroku. Upam, da glede na svojo starost nisem bil pretežaven pubertetnik. Ta avantura, ki 
naju s Katjo čaka januarja, bo zagotovo presegla tudi doktorat, zato se je že neizmerno veselim. 
 










Imunoterapija z zaviralci imunskih kontrolnih točk je spremenila pristop k zdravljenju raka. 
Prvič v zgodovini onkologije je mogoče realistično pričakovati popolne ozdravitve nekaterih 
napredovalih vrst raka, kot sta metastatski melanom in nedrobnocelični rak pljuč, ki sta še do 
nedavnega veljala za skorajda neozdravljiva. Žal so bolniki s tako dobrimi izidi zdravljenja v 
manjšini, razlogi pa povečini neznani.  
Splošni cilj doktorske disertacije je bila prepoznava lastnosti tumorjev, od katerih je odvisen 
odziv na imunoterapijo s protitelesi receptorja programirane celične smrti 1 (angl. anti-
programmed-death-1 (anti-PD-1)), z uporabo računalniškega modeliranja. Za dosego 
omenjenega cilja smo uporabili dva nasprotna modelska pristopa: mehanistično modeliranje po 
načelu od spodaj navzgor in podatkovno vodeno modeliranje od zgoraj navzdol. 
Zaradi zagotovitve zadostne količine eksperimentalnih podatkov, potrebnih za kalibracijo in 
preverbo modelov, je bilo modeliranje od spodaj navzgor osredotočeno na predkliniko. Razvili 
smo dva modela, ki smo ju kalibrirali in preverili tako s podatki iz literature kot tudi s podatki 
lastnih eksperimentov. Oba sta prepoznala pomembno vlogo izražanja poglavitnega kompleksa 
tkivne skladnosti (angl. major histocompatibility complex (MHC)) razreda I na tumorskih 
celicah pri odzivu na imunoterapijo anti-PD-1. Nakazala sta, da je mogoče popolne ozdravitve 
pričakovati le v primeru homogenih tumorjev, kjer vse tumorske celice izražajo MHC razreda 
I. 
Podatkovno voden model po načelu od zgoraj navzdol pa smo razvili za potrebe klinične 
študije, kjer je bila na voljo majhna količina podatkov. Vanjo so bili vključeni bolniki z 
metastatskim nedrobnoceličnim rakom pljuč, zdravljeni s pembrolizumabom in slikani z 
[18F]FDG PET/CT. Model je bil osnovan na podlagi radiomskih analiz slik PET primarnih 
tumorjev (iRADIOMICS) in je pokazal zmožnost napovedovanja bolnikovega celokupnega 
preživetja. Podrobna analiza zgradbe modela je nakazala, da je boljše odzive na zdravljenje 
pričakovati v primeru bolj homogenih tumorjev – podobno kot je nakazalo modeliranje od 
spodaj navzgor. 
Če bodo ugotovitve iz doktorske disertacije potrjene v neodvisnih študijah, bodo imele 
pomemben vpliv na klinično prakso, saj bodo omogočile boljše upravljanje bolnikov z rakom, 
ki se zdravijo z imunoterapijo anti-PD-1. 
 
Ključne besede: rak, modeliranje, imunoterapija, anti-PD-1, iRADIOMICS, nedrobnocelični 












Immunotherapy with immune-checkpoint inhibitors has changed the paradigm of cancer 
treatment. For the first time in the history of oncology, it is possible to realistically expect 
complete remissions of metastatic disease in certain types of cancers such as melanoma and 
non-small-cell lung cancer (NSCLC), which were previously considered almost incurable. 
However, patients with such favourable responses are the minority, and the reasons remain 
mostly unknown.  
The overall goal of this thesis was to identify tumour characteristics that drive patient response 
to anti-programmed-death-1 (anti-PD-1) immunotherapy, using computational modelling. To 
examine this objective, we exploited two opposite modelling approaches: a mechanistic 
bottom-up approach and a data-driven top-down approach.  
Our bottom-up modelling was focused on pre-clinical anti-PD-1 experiments to ensure 
sufficient experimental data, needed for model tuning and validation. Two similar models were 
developed, which were tuned and validated on murine data from literature and data obtained by 
on-site experiments, respectively. Both models identified tumour major histocompatibility 
complex (MHC) class I expression as a biomarker of resistance to anti-PD-1 therapy. Moreover, 
they suggested that complete responses to anti-PD-1 can occur only in the case of homogeneous 
(MHC class I positive) tumours. 
On the other hand, a data-driven top-down model was developed to examine a clinical study 
containing sparse data, where metastatic NSCLC patients were treated with pembrolizumab and 
scanned with [18F]FDG PET/CT. This model was based on radiomics analyses of PET scans of 
primary tumours (iRADIOMICS) and was found predictive of patient overall survival. 
Interestingly, a detailed inspection of model components suggested that tumour homogeneity 
is associated with favourable response to anti-PD-1 immunotherapy, similar to the bottom-up 
approach findings. 
If findings arising from this thesis are confirmed in independent studies, they will have a 
significant impact on the clinical practice, allowing for better management of cancer patients 
treated with anti-PD-1 immunotherapy. 
 
Keywords: cancer, modelling, immunotherapy, anti-PD-1, iRADIOMICS, non-small-cell lung 
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1 Introduction and specific aims 
In the last decade, the field of modern cancer immunotherapy has been one of the most 
important fields in oncology, as well as in medicine in general. It has been proclaimed as the 
scientific “Breakthrough of the Year for 2013” by Science [1]. Moreover, in 2018, the Nobel 
Prize in Physiology or Medicine was awarded for the discovery of immune checkpoint 
inhibitors (ICI) – novel immunotherapy drugs, which have revolutionised cancer treatment [2]. 
Robust amplification of patient’s anti-tumour immune response, which occurs as the 
consequence of blocking the negative feedback loop of the immune system, has shown 
impressive therapy outcomes. The remarkable results are observed even in the deadliest types 
of cancer, such as metastatic melanoma and non-small-cell lung cancer (NSCLC), which have 
been previously considered almost incurable with conventional cancer therapies, such as 
chemotherapy, radiotherapy, and others [3,4]. The responding patients often achieve durable 
benefits, and even disease-free outcomes are possible. 
Despite the enormous success of modern immunotherapy, numerous questions remain to be 
answered to improve benefits for future cancer patients. While immunotherapy is exceptionally 
effective in some specific cancer types, the outcomes in some other types are still poor [5]. 
Moreover, even in the cancer types sensitive to immunotherapy, the majority of patients fail to 
respond [6]. Thus, it is of utmost importance to (1) identify tumour characteristics that drive 
patient response to specific immunotherapy, (2) identify optimal combination therapies, and (3) 
develop new generations of ICI, as well as other immuno-oncology agents. However, these 
tasks will hardly be accomplished quickly by relying solely on the costly and time-consuming 
trial-and-error approach of clinical trials, since the number of currently available agents (not to 
mention all possible combinations or dosing regimens) has increased enormously over the last 
few years [7].  
Computational models, which are known to be powerful, time-saving, and cost-efficient tools, 
could be efficiently used as complementary approaches for accelerating and guiding future 
immuno-oncology research and clinical practice. The first computational models of cancer 
immunotherapy appeared as early as the late 1980s, but their routine use in pre-clinical and 
clinical settings is still in its infancy [8]. One reason for this is the lack of high-quality 
experimental data which can be used for proper tuning and validation of such models. 
Consequently, most computational models of cancer immunotherapy are either purely 
theoretical or fitted to experimental data, while their predictive ability in most cases remains 
unconfirmed.  
In general, they can be divided into two diverse groups: mechanistic bottom-up models and 
data-driven top-down models. Since mechanistic models are built from basic biological 
principles, they offer an invaluable insight into the dynamics of interactions of multiple 
interconnected biological processes, thus enabling investigation of the individual processes, as 
well as the collective impact of these processes on the outcome of immunotherapy. Such 
complex interactions would be difficult, or sometimes even impossible, to study 
experimentally. However, mechanistic bottom-up models require a sufficient amount of 
experimental data. Otherwise, the conclusions derived from mechanistic models with too many 
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free parameters and unknown initial conditions can be misleading due to too many degrees of 
freedom and a high chance of overfitting. In cases when only sparse experimental data is 
available, such as is often the case in clinical practice, a data-driven top-down approach to 
modelling is more appropriate. Even though such models do not provide a detailed description 
of the causality between the underlying biology and the outcome of the therapy, and are 
sometimes used even as “black boxes”, they can still be extremely beneficial. For example, they 
can be exploited as useful tools for better management of patients in clinics. Nevertheless, a 
detailed inspection of validated, data-driven top-down models can provide some clues about 
the underlying biology as well, at least on the intuitive level.    
The overall goal of this thesis was to investigate tumour characteristics that drive patient 
response to anti-programmed-death-1 (anti-PD-1) immunotherapy by using both 
mechanistic bottom-up and data-driven top-down approach to computational modelling. 
In other words, we aimed to elucidate the question: why do some cancer patients exhibit such 
extremely favourable responses, such as the complete remission of metastatic disease, while 
the majority of others show moderate responses or even total resistance to anti-PD-1 therapy? 
Our mechanistic bottom-up model was focused on pre-clinics so as to be supported with a 
sufficient amount of experimental data. In contrast, the data-driven top-down model was used 
to analyse an immunotherapy clinical study containing sparse data, specifically 2-deoxy-2-
[fluorine-18]fluoro-D-glucose positron emission tomography ([18F]FDG PET) scans of 
metastatic NSCLC patients treated with anti-PD-1. This thesis had the following two specific 
aims (schematically represented in Figure 1). 
 SPECIFIC AIM 1: Investigate tumour characteristics that drive patient response 
to anti-PD-1 immunotherapy with a mechanistic bottom-up model. 
o SUB-AIM 1.1: Develop a mechanistic bottom-up model, capable of simulating 
tumour response to anti-PD-1 immunotherapy. 
o SUB-AIM 1.2: Validate the model against experimental data from the literature. 
o SUB-AIM 1.3: Validate the model against experimental data obtained by in-
house experiments. 
o SUB-AIM 1.4: Exploit the developed model to investigate tumour 
characteristics that drive patient response to anti-PD-1 immunotherapy. 
 
 SPECIFIC AIM 2: Investigate tumour characteristics that drive patient response 
to anti-PD-1 immunotherapy with a data-driven top-down model. 
o SUB-AIM 2.1: Develop an imaging-based top-down model, based on radiomics 
analyses of [18F]FDG PET scans (iRADIOMICS) of NSCLC patients treated 
with anti-PD-1 immunotherapy. 
o SUB-AIM 2.2: Evaluate whether iRADIOMICS predicts response to anti-PD-1 
immunotherapy better than the current clinical standards. 
o SUB-AIM 2.3: Exploit iRADIOMICS to investigate tumour characteristics that 
drive patient response to anti-PD-1 immunotherapy. 
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This doctoral thesis is structured as follows. Chapter 2 provides a comprehensive review of the 
existing literature on computational modelling of ICI. The emphasis of the review is on 
relevance and applicability of such computational models in pre-clinical and clinical settings. 
Chapter 3 describes the developed mechanistic bottom-up model for simulating tumour 
response to anti-PD-1 immunotherapy (Sub-Aim 1.1), as well as its validation on pre-clinical 
data from the literature (Sub-Aim 1.2). Chapter 4 describes a modified version of the bottom-
up model, which was extended for a better description of the tumour cell characteristics, 
possibly associated with resistance to anti-PD-1 immunotherapy. Importantly, this model was 
validated on in-house pre-clinical in vitro and in vivo data (Sub-Aim 1.3). Sensitivity studies of 
crucial model parameters provided clues about tumour characteristics that drive patient 
response to anti-PD-1 immunotherapy (Sub-Aim 1.4). Chapter 5 presents the development of 
an imaging-based top-down model (termed iRADIOMICS) based on a clinical study, in which 
[18F]FDG PET scans of NSCLC patients treated with anti-PD-1 immunotherapy were 
investigated using radiomics analysis (Sub-Aim 2.1). The performance of iRADIOMICS for 
predicting patient response to anti-PD-1 immunotherapy was compared to the current clinical 
standards (Sub-Aim 2.2). A detailed inspection of the top-down model gave additional clues 
about tumour characteristics that drive patient response to anti-PD-1 immunotherapy (Sub-Aim 
2.3). Finally, Chapter 6 provides a general discussion about the findings of this dissertation and 
their possible impact on future pre-clinical and clinical studies and routine clinical practice. 
  






2 Computational modelling of immunotherapy with 
immune checkpoint inhibitors – literature review 
2.1 Motivation 
As stated in Chapter 1, numerous challenges still need to be resolved to exploit all the benefits 
of modern cancer immunotherapy; however, the costly and time-consuming trial-and-error 
approach to clinical trials represents one of the research bottlenecks. Computational modelling 
is a promising tool which could accelerate future immunotherapy research by providing clues 
as to how to improve the efficacy of treatments and optimise treatment schedules or 
combinations. However, while many different models and modelling approaches have already 
been proposed, the full potential of such models is still largely untapped and underestimated. 
In this chapter, we briefly describe the history of cancer immunotherapy and computational 
modelling of traditional cancer immunotherapy, comprehensively review computational 
models of modern cancer immunotherapy with ICI, and critically discuss the current status of 
the field through the lens of the ultimate goal – a successful integration of computational models 
into the routine clinical practice. This chapter represents a part of our topical review paper, 
which will be published this year in Physics in Medicine and Biology (IOP Publishing). 
2.2 Traditional cancer immunotherapy 
The idea to harness the ability of a patient’s own immune system to fight against malignant 
cells has existed for more than a century. As early as 1891, American surgeon William Bradley 
Coley (today recognised as the father of cancer immunotherapy) experimented with 
intratumoral injections of Streptococcus bacteria for the treatment of sarcoma patients. He was 
inspired by a case report of a patient with an inoperable round-cell sarcoma of the neck, which 
miraculously disappeared after the patient was accidentally attacked by severe erysipelas, a 
bacterial infection caused by Streptococcus pyogenes [9,10]. Despite the occasional successes 
of such therapy, the approach was not widely adopted among the oncologists of the time, who 
continued to rely on surgery and were later excited about the newly emerging treatment 
modalities, such as radiotherapy and chemotherapy. A renewed interest in immune-based 
cancer therapies appeared many decades later starting in the 1950s with scientific discoveries 
which paved the way for the era of modern immunology, for instance, discoveries of interferon 
[11,12], the existence and role of T cells and adaptive immunity [13], dendritic cells (DC) [14], 
natural killer (NK) cells [15], and other building blocks of the immune system. In 1959, the 
first immunotherapy clinical study with cancer vaccine was performed – the vaccine was 
prepared from the patient’s own tumour [16]. In the mid-1960s, the first adoptive cell 
immunotherapy (ACI) experiments using allogenic bone marrow graft from a healthy donor, 
were conducted for the treatment of acute leukaemia [17]. ACI using distinct autologous 
immune cells expanded ex vivo to treat patients with solid tumours were introduced in the early 
1980s [18,19]. Over the next decades, ACI has mainly focused on adoptive transfer of T cells 
and has experienced a rebirth in the last decade with the development of chimeric antigen 
receptor (CAR) T cell therapy [20,21]. 
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As knowledge of the immune system expanded with time, so too has the development of 
computational models, which aimed to theoretically explain, as well as to reproduce the 
observed phenomena. The first computational models describing tumour-immune interactions 
appeared in the late 1970s [22–28]. These models mainly interrogated the immune surveillance 
hypothesis, first suggested by Frank MacFarlane Burnet a few years prior, claiming that the 
patient’s own immune system can recognise and eliminate potentially dangerous mutant cells 
[29,30]. For a detailed review, refer to the paper by Dullens and colleagues [31]. Although such 
models were only studying tumour-immune interactions without considering any 
immunotherapy intervention, they laid the foundations for computational modelling of cancer 
immunotherapy. In the following years, tumour-immune interactions have been intensively 
investigated by a plethora of different modelling approaches, which are summarised in the 
review by Eftimie and colleagues [32]. 
The first computational model incorporating immunotherapy intervention was published in 
1987 when Dillman and Koziol developed a pharmacokinetic model for the immunotherapeutic 
treatment of chronic lymphocytic leukaemia and cutaneous T cell lymphoma with T101 
monoclonal antibodies [8]. In 1994, almost a decade after the first experiments with ACI, Nani 
and Oğuztöreli developed the first computational model of ACI, which was based on a system 
of non-linear functional differential equations, describing multiple interactions between cancer 
cells and several types of immune cells and cytokines [33]. 
The most cited computational model of cancer immunotherapy was proposed in 1998, when 
Kirschner and Panetta introduced a simple mechanistic model with three ordinary differential 
equations (ODE), describing interactions between effector cells (E), tumour cells (T), and the 
cytokine interleukin-2 (IL-2) (IL), see Eq. 1–Eq. 3 [34]. In this model, effector cells are recruited 
into the tumour due to the direct presence of tumour cells (Eq. 1, first term). Their proliferation 
is additionally stimulated by IL-2, described with a Michaelis-Menten term (Eq. 1, second 
term). The third term in Eq. 1 describes the natural lifespan of effector cells. Tumour cell growth 
is described using the logistic function (Eq. 2, first term), while the tumour cell loss due to 
interactions with effector cells is described with a Michaelis-Menten term (Eq. 2, second term). 
The stimulation of IL-2 is also described with a Michaelis-Menten term (Eq. 3, first term). The 
second term in Eq. 3 describes natural IL-2 degradation. 
This model was used to simulate ACI therapy (s1 > 0), the immunotherapy with IL-2 (s2 > 0), 
and a combination of both approaches (s1, s2 > 0). It was one of the first models incorporating 
the immunotherapy approach with interleukins – i.e. lymphocyte-stimulating cytokines. The 
model confirmed experimental observations that monotherapy with low concentrations of IL-2 
  Eq. 1




was not effective. In contrast, high concentrations of IL-2 theoretically yielded a complete 
tumour eradication but also resulted in unbounded growth of the immune system, which could 
have been fatal for the patient. Possible severe immune-related adverse events of 
immunotherapy with IL-2 (and other interleukins) were also observed in clinical trials, and are 
still one of the main barriers preventing the widespread use of interleukins in the routine clinical 
practice [35]. Numerous computational models simulating immunotherapy with other families 
of interleukins were proposed later, for example, IL-21 [36], IL-27 [37], and IL-35 [38].  
The first computational models describing cancer vaccination were developed at the turn of the 
millennium, for example, the model proposed by Kuznetsov and Knott in 2001 [39]. This study 
described an arbitrary cancer vaccination treatment, the effect of which was modelled indirectly 
as an increase in the size of effector killer cell population. The field of cancer vaccination has 
developed in several directions, now consisting of both therapeutic and prophylactic 
(preventive) vaccines, for example, based on tumour cell lysate, nucleic acids, neo-antigens, 
and DC [40]. However, only two cancer vaccines are currently approved by the U.S. Food & 
Drug Administration (FDA). Bacillus Calmette-Guérin (BCG), a weakened strain of bacterium 
Mycobacterium bovis, originally developed for the treatment of tuberculosis, was approved by 
the FDA for the treatment of superficial bladder cancer in 1990, while a DC vaccine, Sipuleucel-
T, was approved in 2010 for the treatment of metastatic prostate cancer [40]. While 
Bunimovich-Mendrazitsky and colleagues proposed a series of theoretical models focused on 
the BCG vaccination [41–44], a computational model specifically focused on the treatment of 
metastatic prostate cancer with Sipuleucel-T has not been identified. On the other hand, several 
(mostly) generalised models of DC vaccination [45–49], allogeneic whole-cell vaccines 
[50,51], prophylactic vaccines [52–54], and combined treatments have been proposed 
[40,55,56]. 
2.3 Modern cancer immunotherapy 
At the turn of the millennium, the hypothesis of cancer immunoediting became widely accepted. 
Growing evidence confirmed that in general, the immune system could recognise and destroy 
transformed pre-malignant and malignant cells, thus preventing the development of the 
clinically apparent disease. At the same time; however, this process also enhances Darwinian-
like selection, which can result in the dominance of specific cancer cell variants able to escape 
immunosurveillance and form clinically apparent tumours [57]. This phenomenon motivated 
the field of cancer immunology to focus on a deeper understanding of the crucial biological 
processes, as well as the molecular pathways cancer cells use to circumvent the immune system. 
Although the seminal papers led by Tasuku Honjo and James P. Alison, describing two of the 
plethora of such mechanisms, were published in 1992 [58] and 1996 [59], respectively, it took 
almost two decades before the modern immunotherapy drugs, so-called immune checkpoint 
inhibitors, were incorporated into routine clinical practice and initiated a new revolution in 
cancer treatment. Monoclonal antibodies targeting immune checkpoints, such as cytotoxic T 
lymphocyte-associated antigen 4 (CTLA-4) (FDA approved in 2011) and PD-1 (FDA approved 
in 2014) have proven to be highly efficient for the treatment of various malignancies, even for 
the types of cancer, such as metastatic melanoma [3] and NSCLC [4], which were considered 
22 
 
almost incurable with conventional cytotoxic therapies. ICI interrupt the negative feedback loop 
of the immune system – a safeguard preventing immune system over-activation under the 
normal circumstances. Such a blockade can result in incredibly robust anti-tumour responses. 
ICI have been proclaimed as the “scientific breakthrough of the year for 2013” by Science [1] 
and Honjo and Alison were awarded the 2018 Nobel Prize in Physiology or Medicine [2]. 
Although ICI have become by far the most widespread immunotherapy agents, now used as a 
standard-of-care in clinics, several other promising immunotherapy approaches have emerged 
in the last decade, such as CAR T cells, co-stimulatory agonistic antibodies, bispecific 
antibodies, and oncolytic viruses, among others [60]. In the year 2017, 2004 immuno-oncology 
agents against 303 targets, by 864 companies, tested in 3042 active clinical trials were identified 
[7]. The field of modern immunotherapy has exploded and now carries the potential to radically 
change the paradigm of cancer treatment. 
2.3.1 Challenges of modern cancer immunotherapy 
Despite the undoubted success of modern cancer immunotherapy, a lot of questions are still 
waiting to be answered to improve benefits for future cancer patients further. It is now evident 
that not all patients and cancer types benefit from immunotherapy. For instance, in pancreatic 
carcinoma, one of the most deadly malignancies, which has a 5-year survival rate of 7–8%, the 
results of clinical trials with ICI have been disappointing [5]. Moreover, even in the cancer 
types sensitive to ICI, such as melanoma or NSCLC, where the response rates in a selected 
patient population can be up to 40%, the majority of patients fail to respond [61]. One of the 
possible approaches to increase the response rates are combination therapies, which are being 
extensively tested in various pre-clinical and clinical trials. ICI can be combined either with 
conventional treatments (surgery, chemotherapy, radiotherapy, molecular targeted therapy, 
hormonal therapy, anti-angiogenic therapy) or with numerous other immunotherapy approaches 
(other ICI, agonist antibodies, cancer vaccines, and oncolytic viruses). However, one soon 
realises that the number of possible combinations of agents and dosing regimens greatly 
exceeds the ability to test the efficacy of all these combinations in pre-clinical and clinical 
settings with a standard trial-and-error approach [62]. Therefore, the development of novel, 
powerful, fast, reliable, and cost-efficient tools, such as computational models, is needed now 
more than ever in cancer immunotherapy.  
For example, due to the extreme complexity of the immune system, computational models 
could be ideal tools to study the complex dynamics of the numerous newly discovered 
biological processes involved in the tumour response to immunotherapy. Furthermore, 
computational models could help to optimise immunotherapies both as monotherapies and as 
combination regimens. For instance, they could explain why specific combination therapy is 
beneficial in some cancer types, while in the others, the same combination therapy provides no 
additional benefit compared to immunotherapy as monotherapy (e.g. chemotherapy plus ICI in 
NSCLC [63] vs bladder cancer [64]). They could uncover new potential candidates for 
biomarkers of response, and generate new hypotheses that could be tested in future trials, based 
on preceding simulations rather than intuition. Last but not least, computational models will 
undoubtedly need to play one of the leading roles in transitioning into the era of precision 
medicine – a long-term endeavour of modern medicine [65]. 
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Despite a relatively long history of computational modelling in cancer immunotherapy, there is 
still much work to be done, since, especially in the routine clinical settings, the use of 
computational modelling is limited. To identify the most important reasons and barriers, we 
reviewed and analysed the current status of computational modelling of immunotherapy with 
ICI. For the review of modelling other types of modern cancer immunotherapy, the reader is 
referred to our topical review paper, which will be published this year in Physics in Medicine 
and Biology (IOP Publishing). By modern cancer immunotherapy, we mean specific treatments 
which have been in the spotlight since 2011, when the first ICI was approved by the FDA [66]. 
This review paper will include ICI, co-stimulatory agonistic antibodies, bispecific antibodies, 
CAR T cells, but exclude oncolytic virotherapy, since it has been comprehensively reviewed 
elsewhere [67,68]. For more details about computational models of traditional (pre-ICI) cancer 
immunotherapy, the reader is referred to several other reviews [31,32,69–74]. 
Hereafter, the review is divided into three parts and covers: computational models of ICI as 
monotherapy (Section 2.4), and computational models of ICI as combination therapies (Section 
2.5). Section 2.6 is dedicated to imaging-based top-down models of ICI, based on radiomics 
analyses of CT and PET scans. In Sections 2.4 and 2.5, models are divided into data-driven top-
down or mechanistic bottom-up, simplistic or detailed, and finally, according to the specific 
modelling approach. A schematic overview of different types of models reviewed in this chapter 
is presented in Figure 2, while the basic details of each reviewed model are summarised in 
Table 1 (all computational models, excluding imaging-based models) and Table 2 (imaging-
based top-down models, based on radiomics analyses).  




2.4 Computational models of immune checkpoint inhibitors as 
monotherapy 
2.4.1 Simplistic data-driven top-down models and detailed semi-mechanistic 
bottom-up models: pharmacokinetic and pharmacodynamic models 
Computational modelling has already played an essential role in the development of ICI. Due 
to the high efficacy and low risk to benefit ratio shown in early clinical trials, the anti-PD-1 
antibody pembrolizumab received Fast Track designation – an FDA programme aiming to 
accelerate the development and approval of novel drugs for the treatment of life-threatening 
diseases [75]. During this process, computational modelling performed by a group of 
researchers from Merck & Co. was an indispensable complementary tool to the standardly used 
phase I–III clinical trial approach.  
For example, Elassaiss-Schaap and colleagues utilised linear and non-linear pharmacokinetic 
(PK) and pharmacokinetic/pharmacodynamic (PK/PD) modelling to characterise 
pembrolizumab PK/PD relationship [76]. In this top-down model, the potential anti-tumour 
efficacy was reflected indirectly by IL-2 stimulation ratio in peripheral blood – a surrogate for 
target engagement of PD-1 by pembrolizumab. Based on their PK/PD modelling, they 
suggested testing the dose of 2 mg/kg every three weeks (q3w). A similar conclusion emerged 
from the model by Lindauer and colleagues. They developed a semi-mechanistic multi-
compartment model describing mainly the processes on the molecular level with a set of 11 
ODE [77]. The model was based on pre-clinical data obtained from murine experiments with 
MC38 melanoma. This pre-clinical data was then “humanised” to be useful for modelling 
clinical scenarios. The authors simulated a reduction in tumour volume under different dosing 
regimens. They concluded that 2 mg/kg q3w might have been the lowest dose which still 
preserved maximal treatment efficacy of pembrolizumab. Moreover, Ahamadi and colleagues 
used computational modelling as an alternative to the traditional phase I study approach [78]. 
They evaluated different PK models using non-linear mixed-effects modelling to explore the 
impact of different (intrinsic and extrinsic) covariates on pembrolizumab exposure. The model 
predicted that the studied covariates had no clinically relevant effect on pembrolizumab 
exposure, indicating no need for dose adjustment across different patient subpopulations. 
Finally, Chatterjee and colleagues developed two simple top-down models to study the 
dependence of changes in tumour size (sum of longest diameters as observed by computed 
tomography (CT) or magnetic resonance imaging) on pembrolizumab exposure, as well as on 
other covariates [79]. Their consolidated exposure-response tumour size model is presented by 
Eq. 4. It is a simple equation containing two exponential terms – one describing the growth of 
the resistant part of the tumour, and the other one describing the effect of the therapy. In Eq. 4, 
T represents tumour size (sum of longest diameters), T0 is the pre-treatment tumour size, f is the 
proportion of the tumour accessible to treatment, kg and kd are tumour growth and death rate, 
respectively, and τ is the time required for immune system activation. 
1 	 ,   Eq. 4
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The effects of continuous, as well as categorical covariates, were incorporated into the model 
by using different parametrisation equations (e.g. power function), affecting parameters kg, kd, 
and f. See the original paper for details. Across a 5-fold dose range (2 mg/kg q3w–10 mg/ kg 
q2w) they found no statistically significant exposure-response relationship, confirming 
previous results suggesting a flat dose-response relationship of pembrolizumab for doses above 
2 mg/kg q3w. 
2.4.2 Simplistic mechanistic bottom-up models: modifications of the Lotka-
Volterra models  
As presented in Section 2.4.1, top-down models importantly contributed to the accelerated 
development and approval of pembrolizumab. However, such models do not provide many 
physiological insights or detailed answers to some of the fundamental questions, for example, 
which biological tumour characteristics and processes drive patient response to anti-PD-1 and 
other ICI. These questions were recently addressed by different mechanistic bottom-up models 
developed by other research groups, mainly from academic institutions. The main advantage of 
developing simplistic models of cancer immunotherapy, which are usually modifications or 
extensions of classical 2 ODE Lotka-Volterra predator-prey model, is the reduced chance of 
overfitting due to the manageable number of variables and parameters. Such a simplistic 
structure enables proper experimental verification of such models on a population- and patient-
level. Additionally, their simplicity also allows for a comprehensive mathematical analysis.  
For example, our research group developed a simple bottom-up population model to simulate 
tumour response to treatment with anti-PD-1 antibodies [62]. It consisted of a set of 3 ODE, 
describing the dynamics of living cancer cells, T cells and dead cancer cells. The model was 
fitted to literature data of B16 murine melanoma and then verified on independent published 
experiments. Based on the simulations, we predicted that insufficient major histocompatibility 
complex (MHC) class I expression (transmembrane molecules responsible for the presentation 
of self and foreign antigens to the immune system) might be strongly associated with resistance 
to anti-PD-1 immunotherapy. The model also suggested that the best response to anti-PD-1 
should be observed in tumours with moderate PD-1 ligand (PD-L1) expression. A detailed 
description of the model will be presented in Chapter 3.  
Another simplistic model of anti-PD-1 therapy was proposed by Nikolopoulou and colleagues 
[80]. The dynamics of cancer cells, T cells and the concentration of anti-PD-1 antibodies were 
described with a set of 3 ODE. Besides numerical simulations, a detailed mathematical analysis 
of the model under the no-treatment scenario was also performed. The model predicted that 
continuous treatment might outperform intermittent treatment, but none of the examined 
treatment schedules was able to eradicate the tumour if anti-PD-1 was applied as monotherapy. 
The model was not experimentally verified; therefore, such predictions should be taken with a 
grain of salt. For example, contrary to model predictions, the results of anti-PD-1 clinical trials 
show that even disease-free outcomes are possible in certain types of advanced cancer, albeit 
such patients are still in the minority [81]. One could also argue that all intermittent schedules 
ultimately lead to continuous treatment due to a relatively long half-life of anti-PD-1 antibodies, 
which always saturate the majority of PD-1 receptors independently of the applied dose [82]. 
26 
 
Another 3 ODE model (cancer cells, T cells, antigen-presenting cells) of cancer immunotherapy 
with ICI was developed by Tsur and colleagues [83]. The authors focused on melanoma tumour 
treated with anti-PD-1 immunotherapy (pembrolizumab). Model parameters were carefully 
assessed from the previously published literature, but again, the model was not validated on in 
vivo data. However, a detailed mathematical analysis generated some interesting hypotheses, 
which could be directly tested in clinical trials, such as the predicted negative correlation 
between the tumour size and outcome of the therapy with ICI. Consequently, the authors 
suggested adding cytoreductive therapy to ICI to reduce the tumour load before ICI therapy is 
applied. 
2.4.3 Detailed mechanistic bottom-up models: quantitative systems 
pharmacology models   
An obvious drawback of simplistic models of cancer immunotherapy is a high risk of 
oversimplifying the immense complexity of the immune system and its interactions with the 
tumour and other cells in the tumour microenvironment. Therefore, other researchers have taken 
the opposite approach and built very complex models, sometimes referred to as quantitative 
systems pharmacology (QSP) models. QSP models aim to comprehensively capture all the 
existing knowledge about the biological processes involved in immunotherapy on different 
spatial scales (molecular, cellular, and macroscopic). While these models might better describe 
the physical reality, it is virtually impossible to reliably test their predictive ability, especially 
on the patient level. The latter is due to the large number of free parameters, many of which 
cannot be measured with current experimental techniques.   
Jafarnejad and colleagues proposed a QSP model constructed of 55 ODE and 53 algebraic 
equations to simulate tumour response to nivolumab (anti-PD-1 antibody) in patients with 
NSCLC [84]. See Figure 3 for a schematic representation.  
The model described numerous cellular and molecular processes in four different compartments 
(tumour, central (blood), peripheral, and tumour draining lymph node). Parameter sensitivity 
Figure 3: A schematic representation of the QSP model developed by Jafarnejad and colleagues [84]. This paper/image 




analysis was performed by varying all parameters simultaneously using Latin hypercube 
sampling (LHS), which is a method often used in complex models with an abundance of free 
parameters. Finally, the model simulated the likelihood of possible outcomes of 12 patients 
with resectable NSCLC with known tumour mutational burden (TMB) and MHC/antigen-
binding affinity, while the other parameters were randomly sampled 200 times. The simulations 
were performed under three different scenarios: no treatment, biweekly nivolumab treatment, 
and nivolumab treatment followed by tumour resection. The model confirmed TMB as an 
important predictor of clinical outcome and suggested that continuous biweekly dosing was 
necessary for optimal tumour response. 
Similarly, Perlstein and colleagues developed a computational model consisting of 119 ODE to 
simulate the response of advanced melanoma patients to pembrolizumab [85]. The peculiarity 
of the model is that it simulates six different stages of T cell development, activation, and 
exhaustion.  The authors found that hyperprogression to anti-PD-1 therapy might occur in some 
patients due to the reduced cytotoxicity of effector T cells. By simulating virtual patient cohorts 
they also qualitatively confirmed experimental observations that the ratio between the 
reinvigoration of circulating effector T cells in the blood and the baseline tumour burden might 
be a biomarker of response to anti-PD-1 therapy in melanoma [86]. However, the 
parametrisation of the numerous model parameters was performed by fitting the model on 
clinical data of only one patient, which calls the model’s predictive ability into question – a 
limitation common to many QSP models. 
2.4.4 Detailed mechanistic bottom-up model: hybrid (discrete-continuous) 
agent-based model 
All variables in the models of ICI reviewed so far have been continuous. However, discrete 
models of immunotherapy with ICI have also been proposed. Such models better mimic the 
discrete nature of physical reality, but their main limitation relative to continuous models is that 
they require much more computational power, because they simulate individual spatio-temporal 
interactions of many tumour cells, immune cells, and other agents included in the simulations. 
Considering that a tumour volume of 1 cm3 consists of approximately 109 tumour cells, one can 
quickly realise that it is almost impossible to simulate the fate of every single cell when 
simulating pre-clinical and clinical scenarios. An example of discrete models, often used in 
immunology and immunology-related diseases are agent-based models (ABM), where the 
spatio-temporal interactions between the agents (i.e. model variables) follow the predefined 
rules reflecting the underlying biology [87,88].  
One such 3-dimensional hybrid ABM model, exploring the evolution of spatial tumour-immune 
architecture during tumour development and immunotherapy with ICI, was developed by Gong 
and colleagues [89]. See Figure 4 for a schematic representation. While ABM was used on the 
tissue and cellular scale, the authors also incorporated processes on the molecular level, for 
example, cytokine secretion and diffusion, which were described with partial differential 
equations (PDE). The model did not focus on any specific cancer type or ICI treatment; 
therefore, the results were only interpreted qualitatively. By varying TMB and antigen strength, 
the authors reproduced different spatial patterns of tumour cells and immune cells, which 
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resembled immunohistochemistry results from pre-treatment patient biopsies. They also 
simulated a hypothetical treatment with ICI and showed, consistently with other published 
clinical studies, that high TMB might be associated with favourable response to ICI. 
2.5 Computational models of immune checkpoint inhibitors as 
combination therapies 
With an aim to harness the full potential of ICI and improve their response rates, therapies 
combining ICI with other treatment modalities have been extensively tested in numerous 
clinical trials [7]. Due to the high number of degrees of freedom when considering combination 
therapies, the ability of computational modelling to simulate many possible scenarios can 
provide a critical advantage. 
One of the most widely studied combination therapies in pre-clinics and clinics is the 
combination of ICI and radiotherapy. Studies have shown that besides its well-known direct 
cytotoxic effect, radiotherapy also acts as an in situ cancer vaccine, which can enhance the anti-
cancer immune response, particularly if the immunosuppressive tumour mechanisms are 
blocked by ICI [90–92]. However, many questions remain, such as determining the optimal 
dosing of radiotherapy and ICI, the optimal schedule, which lesions should be targets for 
radiotherapy in the case of multiple lesions, and many more [93]. Another straightforward 
approach to combination immunotherapies is to combine two or more ICI or ICI with other 
conventional cancer therapies. For example, in patients with metastatic melanoma, the 
combination of anti-PD-1 and anti-CTLA-4 showed superior efficacy and prolonged survival 
compared to ICI alone [94]. However, the main drawback of combination therapies is a much 
higher possibility of severe immune-related adverse events. Thus, similar to radiotherapy and 
ICI combinations, many degrees of freedom need to be synchronised to maximise the benefit 
and minimise the associated risks of such therapies. 
Figure 4: A schematic representation of the ABM model, developed by Gong and colleagues [89]. (a) The agents are 
simulated on a 3-D lattice, while their behavior is governed by a set of rules schematically represented in (b). This paper/image 
was published under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/). 
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2.5.1 Simplistic semi-mechanistic bottom-up model 
Serre and colleagues developed a simplistic semi-mechanistic model with five discrete-time 
equations, describing the interplay between tumour cells, released tumour antigens, effector 
lymphocytes, and both primary and secondary (memory) immune system activation [95]. 
Primary and secondary immune system activities were assumed to be affected by PD-(L)1, and 
CTLA-4 blockade, respectively, and the effect of radiotherapy (RT) was incorporated using a 
modified linear-quadratic (LQ) model. The model was able to describe and hypothetically 
explain the results of various experiments (RT, RT + anti-PD-(L)1, RT + anti-PD-(L)1 + anti-
CTLA-4). For example, the model predicted that the synergy between RT + anti-PD-(L)1 would 
not be achieved, if anti-PD-(L)1 therapy was initiated more than ten days after RT, presumably 
due to the finite lifetime of the effector lymphocytes. However, the predictive ability of the 
model was not rigorously evaluated on independent data. 
2.5.2 Simplistic mechanistic bottom-up model: modification of the Lotka-
Volterra model 
Yu and Jang proposed a simple 4 ODE model to study tumour response to monotherapies, as 
well as combination therapies with anti-CTLA-4, adoptive transfer of CD4+ T cells (T helper 
cells), and cytokine infusion, i.e. interferon-γ [96]. Although this model could be interesting 
from a theoretical and mathematical perspective, it lacks (pre-)clinical relevance. For example, 
the model assumes that the immune system consists only of CD4+ T helper cells, and neglects 
the effect of cytotoxic CD8+ T cells, which are an essential class of effector cells in 
immunotherapy with ICI [97,98].  
2.5.3 Simplistic mechanistic bottom-up model: evolutionary game theory 
model 
In the paper by West and colleagues, evolutionary game theory (EGT) was used to study the 
effect of various treatment regimens of neoadjuvant therapy with an aromatase inhibitor (AI, 
anastrozole) and anti-PD-L1 (durvalumab) in women with oestrogen receptor-positive breast 
cancer. In this EGT model, tumour cells were represented as players with four different 
phenotypic properties, undergoing Darwinian competition. The model aimed to minimise both 
the tumour burden, as well as the lymphatic metastatic potential before surgery [99]. Namely, 
the model suggested that a trade-off between these two properties existed. The model indicated 
that despite a transient tumour increase, the optimal pre-surgery 6-month therapy might have 
been a continuous anti-PD-L1 treatment concomitantly with a delayed AI therapy starting one 
month later. Although the model was not experimentally verified, it emphasised the need to 
carefully consider all aspects of treatment outcome, and not to focus only on the maximisation 
of tumour regression. 
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2.5.4 Detailed mechanistic bottom-up models: quantitative systems 
pharmacology models   
Another computational model of anti-PD-(L)1 and RT combinations was proposed by Kosinsky 
and colleagues [100]. They developed a more detailed QSP model (8 ODE, 14 algebraic 
equations, 25 parameters), describing interactions between the tumour cells and different 
immune cells, as well as the immune-related processes in the tumour microenvironment. The 
model was calibrated on murine data obtained by experiments, in which syngeneic mice bearing 
CT26 colon carcinoma were treated under six different scenarios (no treatment, RT and anti-
PD-L1 monotherapies, and three different RT + anti-PD-L1 combination therapies (schedules)). 
Importantly, the model’s predictive ability was validated at a population level with independent 
experiments using different RT and PD-L1 doses and schedules. Most of the experimental 
tumour growth curves fell within the 90% predictive interval (PI). However, in some treatment 
scenarios, the 90% PI was very wide, indicating a broad range of possible individual responses 
as predicted by the model. The most important finding that stemmed from the model was that 
anti-PD-L1 should be administered before, or concurrent with RT, while the simulated 
sequential therapy was less beneficial. This prediction agreed with the findings of the model by 
Serre and colleagues [95]. Additionally, the authors suggested that a substantial inter-animal 
variability (IAV) in the observed experimental tumour growth curves could have been a 
consequence of IAV in the ability of effector T cells to infiltrate the tumour. 
Radunskaya and colleagues developed an 11 ODE model with three compartments (tumour, 
blood, spleen), aiming to study the effects of anti-PD-L1 therapy and molecular targeted therapy 
with ibrutinib (Bruton’s tyrosine kinase (BTK) inhibitor), in conjunction with DC vaccines 
[101]. The authors calibrated the model step-by-step on experimental data from a murine study 
(untreated mice, anti-PD-1, BTK, anti-PD-1 + BTK). They then simulated the outcomes of 
different doses and schedules of combined treatment with anti-PD-L1 and BTK. Although the 
authors intended to study combination therapy, which included the DC vaccine, it was not clear 
whether the effect of the vaccine was considered in the fitting procedure and the simulations. 
Namely, the experimental data on which the model was calibrated did not deal with DC 
vaccines. 
Wang and colleagues developed a very detailed QSP computational model (275 ODE, 206 
algebraic equations, four compartments) to simulate tumour response to anti-PD-L1 and anti-
CTLA-4 therapy in patients with breast cancer [102]. Model sensitivity studies of a hypothetical 
treatment suggested that high PD-L1 expression and high antigen intensity are associated with 
the response to the combined therapy. The authors also simulated real clinical scenarios, aiming 
to predict the response of eight patients (four patients with oestrogen receptor-positive breast 
cancer, and four patients with triple-negative breast cancer). Although some experimental 
results did fall into the wide range of predictions, the results of personalised simulations clearly 
showed the lack of patient-specific data needed to feed such a detailed QSP model.  
A similarly detailed QSP model was developed by Milberg and colleagues, who simulated the 
response of melanoma patients to anti-PD-1, anti-PD-L1, CTLA-4, and combination therapies 
[103]. First, the model was calibrated to reproduce the results of two clinical trials investigating 
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anti-PD-1 and anti-CTLA-4 monotherapies. Afterwards, it was used to predict treatment 
outcomes of combination therapy with anti-PD-1 and anti-CTLA-4, where the authors 
generated a virtual set of 47 patients by varying only a small set of specific model parameters 
using LHS. They showed that the experimentally observed median per cent tumour change in 
no small extent fell into the simulated 90% confidence interval (CI), which was relatively 
narrow. The model also revealed that the number of T cell clones and an increase in maximum 
effector T cell density were the main drivers of response in the virtual patient population. The 
model was similarly successful in predicting response to anti-PD-L1 monotherapy. Finally, the 
authors compared the therapy with anti-CTLA-4 followed by anti-PD-1 to the reversed 
sequence. Consistent with clinical observations, the model predicted that anti-PD-1 
administered first should result in a better treatment outcome. 
2.5.5 Detailed mechanistic bottom-up models: spatio-temporal models   
Lai and Friedman proposed five different models with very similar methodology – i.e. spatio-
temporal models based on systems of PDE. For example, one of the proposed models aimed to 
simulate a combination of anti-PD-1 and granulocyte-macrophage colony-stimulating factor 
(GM-CSF)-secreting vaccine GVAX – a cancer vaccine activating DCs [56]. The combination 
of numerous model parameters and sparse experimental data allowed for only a qualitative 
comparison of modelling predictions to experimental pre-clinical data. The authors then studied 
the efficacy and synergy of both drugs and concluded that the efficacy of combined treatment 
was always positively correlated with dose increase (below maximum tolerated dose). 
However, this synergy became negatively correlated above the specific threshold of anti-PD-1, 
meaning that for certain dose combinations, it might be more efficient to treat the patient with 
either GVAX or anti-PD-1 monotherapy.  
In another model, they studied a combination of anti-PD-1 and BRAF/MEK inhibitors for the 
treatment of melanoma [104]. Methodologically, it was very similar to their GVAX and anti-
PD-1 model. The main finding was that in most cases, the efficacy of the combined treatment 
was positively correlated with both anti-PD-1 and BRAF/MEK dose increase. However, at high 
doses, the combination of both drugs became antagonistic, presumably due to decreased levels 
of IL-12 (stimulator of T cells) – a direct consequence of decreased tumour cell density (Figure 
5). This hypothesis could be tested in vivo to confirm and experimentally determine dose 
thresholds of such antagonistic regions. 
Similar regions of antagonism were identified by another slightly modified model of the same 
authors, aiming to simulate a combined treatment with an oncolytic virus and anti-PD-1 [105]. 
The model showed that the therapeutic effect of oncolytic virus was nullified if anti-PD-1 
therapy was too effective (at high doses of anti-PD-1). Namely, such stimulated T cells killed 
too many tumour cells infected with the oncolytic virus, which prevented the further favourable 
spread of the oncolytic virus to the entire tumour.  
In contrast, a positive correlation of treatment efficacy with increased doses within all simulated 
dose ranges was shown by a similar model, adapted to simulate combined treatment with anti-
CTLA-4 and Bromo- and Extra-Terminal inhibitor (BETi) [106]. The model predicted that 
multiple combinations of anti-CTLA-4 and BETi doses resulted in similar treatment efficacy. 
32 
 
However, to reduce the possibility of immune-related adverse events caused by overexpression 
of tumour necrosis factor-alpha, the dose of BETi should be minimised in such combined 
treatment.  
Finally, in another similar detailed PDE computational model of Lai and Friedman, 
combination therapy with anti-PD-1 and anti-vascular endothelial growth factor (anti-VEGF) 
was studied [107]. Since it is known that anti-VEGF modulates tumour vasculature and thus 
affects the perfusion of drugs into the tumour, the primary focus of this study was to find the 
optimal scheduling of both drugs. The simulations revealed that in cancer types where anti-
VEGF caused decreased perfusion of drugs (e.g. melanoma, breast cancer, ovarian cancer), 
sequential treatment with anti-PD-1 followed by anti-VEGF could be an optimal regimen. In 
cases where anti-VEGF resulted in increased perfusion (colon cancer, head and neck cancer), 
concomitant treatment of both drugs may be the best choice. However, since all PDE models 
of Lai and Friedman contained an abundance of free parameters and were only qualitatively 
compared to experimental data, the model predictions need experimental verification. 
2.5.6 Detailed mechanistic bottom-up model: hybrid (discrete-continuous) 
agent-based model 
Benchaib and colleagues described two synergistic models, primarily to study tumour-immune 
interactions in lymph nodes [108], but indirectly also the effect of PD-1 blockade. While the 
first model was a simple PDE model, describing only the populations of different types of 
cancer cells (proliferating, dormant) and immune cells, the second hybrid (discrete-continuous) 
ABM model described different interactions at the tissue, cellular, and molecular level. 
Although the predictive ability of neither model was verified experimentally, they generated an 
interesting hypothesis. They suggested that tumour resistance to anti-PD-1 could be overcome 
by adding an epidermal growth factor (EGF) therapy to stimulate resistant dormant tumour cells 
to start proliferating again and thus becoming more susceptible to the treatment. 
Figure 5: Drug efficacy map from the study by Lai and Friedman [104]. The colour map shows the efficacy of the combined 
treatment with anti-PD-1 and BRAF/MEK inhibitors as the function of concentration of individual drugs. γA represents the 
concentration of anti-PD-1, and γB represents the concentration of BRAF/MEK inhibitor. See the antagonistic region in the 
upper right corner. Similar colour maps were simulated in all studies by Lai and Friedman presented in Section 2.5.5. This 
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2.6 Imaging-based top-down models of immune checkpoint 
inhibitors 
Data-driven top-down models, such as PK/PD models of pembrolizumab presented in Section 
2.4.1, are in principle statistical models, based on specific, usually sparse pre-clinical or clinical 
data. Their main objective is to capture the observed patterns in the available data and then 
extrapolate the developed model to predict unknown scenarios. Such models are usually 
designed without referring to a deeper understanding of underlying biological processes. 
However, as shown in Eq. 4, such a simple model as one mathematical equation with two 
exponential terms was able to describe and fit a variety of tumour response patterns and was 
found useful to study the effects of different covariates on the treatment with pembrolizumab 
[79]. 
Similarly, pre-clinical and clinical data, obtained by different medical imaging modalities, such 
as CT, PET, magnetic resonance imaging (MRI), and ultrasound, can be efficiently used to 
develop predictive, data-driven (i.e. imaging-based), top-down models. The use of medical 
images as clinical data particularly gained momentum after 2007, when Quantitative Imaging 
Biomarkers Alliance® (QIBA) was established by the Radiological Society of North America 
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quantitative imaging and the use of imaging biomarkers in clinical trials and clinical practice” 
[109]. 
Radiomics analysis is a sophisticated image analysis method, which harnesses the full power 
of medical imaging by extracting large amounts of quantitative features out of the images of 
different modalities [110]. Radiomics analysis exploits advanced mathematical algorithms to 
provide additional hidden information about tumours that is not visible to the naked eye, thus 
hypothesised to reflect more deeply the intra-tumour heterogeneity in phenotype, as well as the 
genotype [111,112]. The most common approach to radiomics analysis, which was extensively 
researched in the last decade, is the so-called “hand-crafted radiomics”, where different types 
of pre-defined imaging features are extracted from the segmented regions of interest (ROI) on 
medical images. This procedure is typically followed by various feature selection algorithms, 
and the selected features are then used to construct predictive top-down models for different 
tasks [113]. Another approach which has emerged recently is “deep-learning-based radiomics”. 
Such an approach does not necessarily require a segmented ROI, the algorithm can learn 
features on its own, and the procedure does not require feature selection algorithms. However, 
such an approach to radiomics analysis usually requires vast datasets and, importantly, it serves 
primarily as a black box, making an intuitive understanding of the underlying rationale for 
model decisions almost impossible. Here, we will focus on hand-crafted radiomics only, as the 
deep-learning-based radiomics is beyond the scope of this thesis. While radiomics analysis can 
be performed on any type of medical imaging, we will review only models based on CT and 
PET. 
2.6.1 Radiomics analyses of immune checkpoint inhibitors based on CT 
Most of the radiomics analysis studies of cancer immunotherapy were based on CT. The reason 
is that in clinical practice, CT imaging is a standardly used first-choice method for 
immunotherapy treatment response assessment [114].  
In a retrospective multicohort study, Sun and colleagues examined associations between CT 
radiomics features and gene expression signature of CD8+ T cells (RNA-seq genomic data) 
from different advanced solid tumour biopsies [115]. The authors used a machine learning-
based elastic-net regularised regression method to build a radiomics signature, which consisted 
of eight (out of 84) radiomics features. Validation of the signature was performed on two 
independent datasets and showed moderate power for predicting tumour immune phenotype 
(AUC = 0.67, and AUC = 0.76, respectively). The signature was also tested in a cohort of 
patients treated with anti-PD-(L)1 immunotherapy and showed statistically significant 
associations with an objective response rate, as well as with OS. Overall, although the 
developed radiomics signature was carefully tested on independent retrospective patient 
cohorts, the results of this study need further prospective validation. 
Tunali and colleagues performed a radiomics analysis study, in which pre-treatment contrast-
enhanced thoracic CT scans of 228 NSCLC patients were analysed [116]. The primary endpoint 
of the study was to predict which patients are more likely to experience hyperprogression to 
anti-PD-(L)1 and anti-PD-(L)1 + anti-CTLA-4 immunotherapy. Hyperprogressive disease 
(HPD) is an aggressive unfavourable pattern of response, which is observed in approximately 
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one-tenth of patients treated with ICI immunotherapy [117]. Six hundred radiomics features 
were extracted from both the tumour and tumour border region of each patient’s largest thoracic 
lesion. The final radiomics model used to stratify patients according to the observed time-to-
progression TTP (TTP > 2 months vs TTP < 2 months) contained four features and showed 
moderate predictive power (AUC = 0.72). Similarly, the final radiomics model predicting HPD 
included only one feature and yielded an AUC = 0.67. A better performance was shown when 
clinical covariates were added to the model. In these models, the achieved AUCs were 0.80 and 
0.87 for TTP and HPD, respectively. However, this study also needs validation in independent 
patient cohorts and future prospective studies. 
Dercle and colleagues studied the ability of radiomics analysis to predict the response of 
metastatic NSCLC patients to three different treatments, including anti-PD-1 immunotherapy 
[118]. Treatment response was defined based on the observed PFS (PFS > PFSmedian vs PFS < 
PFSmedian). Initially, 1160 CT radiomics features were extracted from the largest measurable 
lung lesion at baseline and eight weeks on treatment. The final model consisted of up to four 
most significant “delta radiomics” features. The term delta radiomics denotes the change in 
radiomics features between two imaging time-points, partly inspired by RECIST assessment, 
which measures the change in lesion size. Ninety-two patients receiving anti-PD-1 were divided 
into training and validation cohorts. In the latter, the developed delta radiomics signature 
achieved an AUC = 0.77. The authors also investigated the dynamics of change of radiomics 
features through time. They found that an exponential increase in tumour volume, shape 
irregularity and heterogeneity was associated with shorter overall survival (OS). As with many 
others, this study lacks validation on an independent prospective dataset. 
Trebeschi and colleagues performed a retrospective radiomics analysis study using pre-
treatment contrast-enhanced CT scans of 203 NSCLC and melanoma patients with 1055 
primary and metastatic lesions [119]. 5865 radiomics features were extracted from all lesions, 
while the final machine-learning-based radiomics model consisted of 68 selected features. On 
the lesion level, the final model showed high predictive power for differentiating responding 
versus non-responding NSCLC lesions (e.g. AUC = 0.83 for pulmonary metastases, AUC = 
0.79 for primary tumours), while the performance of the model in melanoma was poorer. On 
the patient-level, the developed model was similarly successful in predicting response to 
immunotherapy for both tumour types with AUC = 0.76. Based on the studied radiographic 
differences between the responding and non-responding lesions, the study also reported that 
tumours with more heterogeneous morphology might respond better to immunotherapy, 
irrespective of the cancer type. Although the patients in the study were divided into training, 
tuning, and validation datasets, the study lacks prospective validation on independent data. 
Khorrami and colleagues performed a retrospective delta radiomics study based on pre- and 
post-treatment contrast-enhanced CT scans of 139 NSCLC patients treated with three different 
anti-PD-(L)1 ICI at two different institutions [120]. 495 statistical features (mean, median, 
standard deviation (SD), skewness, and kurtosis of 99 radiomics features) were extracted within 
and outside thoracic lesions. The authors found multiple individual features, which were able 
to stratify responders from non-responders to immunotherapy. The classifier based on the 
combination of delta radiomics features yielded an AUC up to 0.85 and prediction accuracies 
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up to 80% in the validation datasets. Several features also showed associations with survival, 
and multiple correlations were observed between CT delta radiomics features and 76 density 
features of tumour infiltrating lymphocytes (TIL), extracted from digitised biopsy samples. 
However, the main limitation of this study is a high risk of type I errors due to multiple 
hypotheses testing on relatively small sample size; therefore, the findings of the study should 
be taken with a grain of salt.  
Nardone and colleagues conducted a retrospective study with 59 metastatic NSCLC patients 
treated with anti-PD-1, where 14 CT radiomics features were extracted from pre-treatment 
target lesions [121]. For each radiomics feature, the authors defined an optimal cut-off value, 
which stratified patients in Kaplan-Meier survival analysis best. Patients assigned to a high-risk 
group received a quantitative score of 1, while the patients assigned to a low-risk group received 
a score of 0. The authors then proposed a semi-quantitative global texture score, defined as a 
sum of scores of individual significant features. Again, such a global texture score was used to 
stratify patients in Kaplan-Meier survival analysis (global texture score 0–1, vs > 1), this time 
also tested in the validation cohort. Although statistically significant differences in the obtained 
survival curves were observed, this study needs methodological improvements. For example, 
the results of the study could be drastically different if other cut-off values were chosen in 
individual feature analysis, as well as in the proposed global texture score. 
Collen and colleagues performed a pilot retrospective radiomics study intending to predict 
immunotherapy-induced pneumonitis – a possibly fatal immune-related adverse event (irAE) 
[122]. 1860 radiomics features were extracted from six volumes of interest (three in each lung) 
on baseline contrast-enhanced chest CT scans. Features were ranked using the maximum 
relevance minimum redundancy feature selection method. The top two ranked features 
(skewness and angular variance of the sum of squares) were then analysed with the 
unsupervised anomaly detection algorithm [123], used to predict immunotherapy-induced 
pneumonitis. The authors reported the AUC = 1.00 and the accuracy 100%. However, such 
excellent model performance was most likely a result of overfitting, since 1860 radiomics 
features were tested on 32 patients, and only two of these 32 patients were diagnosed with 
pneumonitis. The study was not prospectively validated. 
Himoto and colleagues retrospectively examined the predictive power of baseline CT radiomics 
models in 75 patients with recurrent ovarian carcinoma, treated with anti-PD-(L)1 as 
monotherapy or combination therapy [124]. Five intra-tumour heterogeneity features and two 
inter-tumour heterogeneity features were extracted from the largest lesion, and six clinical 
variables were recorded. Associations of these features with DCB and time to off-treatment 
were investigated using logistic regression and Cox proportional hazards regression, 
respectively. Performed analyses suggested that fewer disease sites and lower intra- and inter-
tumour heterogeneity (as reflected by some of the extracted radiomics features) were associated 
with better response to immunotherapy. However, this study also needs future prospective 
validation. 
Finally, Park and colleagues conducted a retrospective CT radiomics study, which included 62 
patients with advanced urothelial carcinoma treated with anti-PD-(L)1 immunotherapy [125]. 
Forty-nine radiomics features were extracted from up to two baseline target lesions in the chest, 
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abdomen, or pelvis, which were arbitrarily chosen by two radiologists. Similarly to some other 
radiomics studies, the least absolute shrinkage and selection operator (LASSO) method was 
implemented for feature selection, and five top-selected radiomics features were used to build 
a radiomics signature. The predictive power of several clinical variables was also tested to 
improve predictions. It led to the inclusion of visceral organ involvement in the final predictive 
model, which therefore consisted of five radiomics variables and one clinical variable. In the 
validation dataset, the final predictive model showed high predictive power and yielded an AUC 
= 0.87 and AUC = 0.88, for predicting objective response and disease control, respectively. By 
adjusting the optimal cut-off value and stratifying patients into high- and low-risk groups, the 
statistically significant differences in PFS and OS between both groups were also observed in 
Kaplan-Meier survival analyses. Similarly to most of the reviewed radiomics studies, this study 
also lacked proper prospective validation. 
2.6.2 Radiomics analyses of immune checkpoint inhibitors based on PET 
Molecular imaging offers several advantages over anatomical imaging. For one, molecular 
imaging provides a more in-depth characterization of tumours than anatomical imaging. 
Additionally, molecular and functional changes are known to appear faster than anatomical 
changes. For example, [18F]FDG is a radiolabelled analogue of glucose which accumulates in 
highly metabolic active tissues, and thus efficiently indicates tumour cell metabolism and 
immune activation. However, while [18F]FDG PET/CT is a standard of care in clinical oncology 
for cancer diagnosis, response assessment, treatment planning, and follow-up care, its use in 
immunotherapy settings is not as common as the use of CT. Consequently, there is also a lack 
of immunotherapy radiomics analysis studies based on PET. 
Some pilot studies have been performed, however. For example, Polverari and colleagues 
retrospectively investigated baseline [18F]FDG PET scans of 57 advanced NSCLC patients 
treated with anti-PD-(L)1 immunotherapy [126]. The authors examined associations between 
several radiomics features and patient PFS, OS, and response as defined by response evaluation 
criteria in solid tumours (RECIST) [127]. Volumetric features such as metabolic tumour 
volume (MTV) and total lesion glycolysis (TLG) were found to be significantly different 
between the patients assessed with progressive disease (PD) and non-PD. Additionally, the 
study suggested that more heterogeneous tumours (as reflected by radiomics features kurtosis 
and skewness) have a higher probability of failing anti-PD-immunotherapy. However, the 
findings of the study were not prospectively validated. 
Mu and colleagues developed a multiparametric radiomics signature based on radiomics 
features extracted from baseline pre-treatment [18F]FDG PET, CT, and fused PET + CT images 
of NSCLC patients receiving anti-PD-(L)1 immunotherapy [128]. Feature selection was 
performed using an improved LASSO method, which selected eight out of 790 originally 
extracted features. The obtained eight-feature radiomics signatures were trained on 99 patients 
and validated on two separate patient cohorts (retrospective and prospective). The separately 
developed signatures exhibited high predictive power for predicting durable clinical benefit 
(DCB) (AUC > 0.81), progression-free survival (PFS) (C-index > 0.74) and OS (C-index > 
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0.80). The developed multimodality fused radiomics signature (mpRS) for predicting DCB is 
presented in Eq. 5.  
Parameter h describes tumour histology (adenocarcinoma: h = 1; squamous cell carcinoma: h 
= 2). Radiomics features are named as type_f, where type represents image modality (PET, CT, 
or fused (KLDiv)), and f represents the name of radiomics feature. See the original paper for 
further details. Interestingly, this was the only immunotherapy radiomics study we identified, 
in which the radiomics signature was validated in a prospective cohort of patients. However, it 
was not entirely clear from the published paper, whether researchers developing the radiomics 
signature were blind to the outcome of the prospective study. Therefore, the validation of the 
developed signature should also be conducted in distinct institutions. 
Table 2: Summary of imaging-based top-down models of immune checkpoint inhibitors: radiomics analyses. 
2.7 Discussion 
In the review of the literature presented in this chapter, we have observed that a lot of work has 
already been done in the field of modelling modern cancer immunotherapy with ICI in the last 
decade. The same is also valid for modelling traditional immunotherapy over the previous 40 
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years. A plethora of interesting computational models exploiting different modelling 
methodologies have been proposed, such as simplistic data-driven top-down models, simplistic 
mechanistic bottom-up models, detailed QSP bottom-up models, ABM models, game theory 
models, and imaging-based top-down models, among others. However, it seems the majority 
of the proposed models have limited clinical value. The primary rationale is straightforward to 
identify by looking at Table 1 and Table 2. More than half of the reviewed models were purely 
theoretical, not even fitted to experimental data, while the vast majority of proposed models 
lack independent prospective validation. Through the eyes of the physicist, this is surprising, 
since experimental verification should be the ultimate goal of each proposed physical model or 
theory. Remember the quote by the famous physicist Richard P. Feynman: “It doesn't matter 
how beautiful your theory is, it doesn't matter how smart you are. If it doesn't agree with 
experiment, it's wrong.” This quote should equally be valid when one is aiming to use the 
physical methodology in medicine and biology.  
Of course, there are significant differences between modelling physical and biological 
phenomena. In most cases, proper verification of physical theories can be limited, for example, 
by technological or financial limitations. On the other hand, in medicine and biology, also 
ethical issues need to be taken into account since the majority of experiments are performed on 
living subjects. Especially in clinical studies involving human patients, such ethical limitations 
can be substantial. For example, one of the basic parameters, which is present in almost all 
computational models of cancer immunotherapy, as well as in oncology in general, is intrinsic 
tumour growth rate. Since intrinsic tumour growth is usually modelled with an exponential 
function, or with one of its modifications, such as Gompertz or logistic function, modelling 
results are most often highly sensitive to this parameter. However, one would have to agree that 
it would be highly unethical not to treat patients for a certain period of time, just to measure 
intrinsic growth rates of their tumours. When modelling more complex phenomena, such as the 
anti-tumour effect of the immune system as a consequence of treatment with immunotherapy, 
such limitations associated with an inability to measure model parameters properly, are only 
exacerbated.  
However, this does not mean that experimental verifications of computational models in 
medicine and biology could or should be avoided. It only means that in some challenging cases, 
such as in the case of modelling modern immunotherapy, the model structure must be adapted 
to experimental capabilities, as well as vice versa. Therefore, close collaborations between 
researchers developing such models and researchers from pre-clinical or clinical practice are 
absolutely necessary. In our opinion, the most appropriate starting point is with simplistic, 
manageable models, which are strongly supported by experiments and designed for narrow, 
well-defined objectives. Detailed QSP models, such as those reviewed in this chapter, 
containing up to hundreds of coupled differential and algebraic equations, are exciting from a 
theoretical perspective because they undoubtedly better capture the immense complexity of the 
immune system. However, if their complexity prevents them from being properly 
experimentally verified, they have little chance ever to enter routine clinical practice. However, 
they can be used as tools for generating some hypotheses on the population level. Moreover, 
there is also a question of whether it makes sense to model combination therapies before 
verified models of immunotherapies as monotherapies are developed. All of the concerns 
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mentioned above guided us when determining the most appropriate approach to modelling anti-
PD-1 immunotherapy, which will be presented in Chapters 3 and 4. Interestingly, as seen in 
Table 1, simplistic bottom-up models, which would be supported by experiments, like the ones 
we present, have not been developed yet.  
We opted for a similar simplistic approach when developing an imaging-based top-down model 
of anti-PD-1 immunotherapy based on radiomics analyses, which will be presented in Chapter 
5. In our review of the literature, we observed that the majority of the existing imaging-based 
models were based on CT, which was expected, as CT is the most widely used 3-D imaging 
modality in clinical practice. However, we hypothesise that molecular imaging reflects more 
information about the underlying tumour biology, and therefore exhibits higher predictive 
power. We have also observed that the majority of studies extracted thousands of radiomics 
features from the selected ROIs. On the one hand, such an approach allows for extensive 
characterisation of tumour properties. Still, on the other hand, it might also indicate a danger of 
overfitting in the developed predictive models. However, even if we assume that most studies 
did avoid overfitting by using the most appropriate and effective feature selection algorithms, 
it is almost impossible to intuitively understand associations between the developed radiomics 
signatures, such as presented in Eq. 5, and the underlying tumour biology. Radiomics signatures 
which function as black boxes will have difficulty being translated into routine clinical practice. 
Based on these observations, in Chapter 5, we focused only on a subset of eight robust radiomics 
features. We aimed to develop a simplistic imaging-based top-down model, containing a 











3 Mechanistic bottom-up model of anti-PD-1 
immunotherapy  
3.1 Motivation 
As described in Section 2.3.1, many challenges of modern cancer immunotherapy still need to 
be addressed to enhance the benefit of treatment for future cancer patients. Moreover, these 
challenges will hardly be accomplished quickly without the development of novel alternative 
tools to serve as complementary approaches to the costly and time-consuming trial-and-error 
approach, such as computational models. In the literature review presented in Chapter 2, we 
have identified many different computational models simulating modern immunotherapy with 
ICI; however, most of them were not properly verified. Therefore, their clinical or pre-clinical 
relevance is limited (see Table 1 and Table 2). The reasons include limited access to high-
quality experimental data or too complex model structure with an abundance of free parameters 
and variables, making the model prone to overfitting.    
In this chapter, we propose a simplistic mechanistic bottom-up model of anti-PD-1 cancer 
immunotherapy, built from basic biological principles, which is focused on pre-clinics (murine 
data). It contains a minimum yet a reasonable number of parameters and variables, which can 
also be experimentally quantified. Once the model was formulated, we used one set of 
experimental data from the literature to tune the model and then evaluated model predictions 
on two independent datasets from the literature with different, yet well-known, model inputs. 
Lastly, we performed sensitivity studies of crucial model parameters to identify and predict 
possible biomarkers of response to anti-PD-1 immunotherapy, which are urgently needed in 
current clinical practice. Reliable biomarkers of response would allow for the identification of 
patients that are most likely to respond and consequently prevent other patients from 
unnecessary immune-related adverse events [129]. This work was published as an original 
research paper in Physics in Medicine and Biology (IOP Publishing) [62].   
3.2 Materials and Methods 
3.2.1 Model Formulation 
The basic idea for constructing a model was adopted from a paper by Kuznetsov and Knott 
[39]. They proposed a simple deterministic population model, describing the interplay between 
tumour cells and cytotoxic killer cells. In our model, the role of cytotoxic killer cells is assigned 
to tumour infiltrating lymphocytes TILs. Besides the interaction between tumour cells C (Eq. 
6) and TILs (Eq. 7), we additionally take into account the dynamics of dead tumour cells Cdead. 
Dead tumour cells are not removed from the tumour instantly and therefore contribute to the 
overall tumour volume (Eq. 8). Tumour volume V is calculated as described in Eq. 9. The main 
enhancement of our model (Eq. 6–Eq. 9) as compared to the model of Kuznetsov and colleagues 
is the inclusion of the most important biological properties and processes involved in anti-PD-
1 immunotherapy. These include TMB (as reflected by single nucleotide variations (SNV)), 
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tumour ability to present antigens (MHC class I), and tumour ability to suppress the immune 
response (PD-1/PD-L1 pathway – the target of anti-PD-1 immunotherapy). All of these 
biological properties were found promising for predicting response to anti-PD-1 
immunotherapy in various types of cancer [130,131]. Additionally, these biological properties 
are incorporated as measurable parameters in our model; therefore, the model is reasonably 
close to the optimal for our task. All other indispensable parameters were carefully assessed 
from the available literature. If a literature value could not be obtained, parameters remained 
free and were used to fit the model. We are aware that more complex models describing 
additional components of the immune system (DC, other T cell subpopulations, immune-
suppressive cells, innate immune system, etc.) would theoretically provide a better description 
of reality. However, at the cost of additional free parameters. It would most likely lead to 
overfitting. Nevertheless, the effects of other immune system components on tumour growth or 
regression can be recognised indirectly in our model, namely through the increase or decrease 
in the values of fitted parameters (in this case interpreted as macroparameters). All model 
parameters, their values and the corresponding references are summarised in Table 3.   
Short description of the terms in the model equations: 
 Eq. 6, first term: Gompertz function – intrinsic tumour growth in the absence of the 
immune system. 
 Eq. 6, second term: tumour cell loss due to the interaction with the immune system. 
 Eq. 7, first term: infiltration of TILs into the tumour. 
 Eq. 7, second term: TIL loss due to the interaction with tumour cells. 
 Eq. 7, third term: natural death of TILs. 
 Eq. 8, first term: the appearance of dead tumour cells (see Eq. 6). 
 Eq. 8, second term: removal of dead tumour cells from the tumour. 
 Eq. 9, first term: total volume of tumour cells. 
 Eq. 9, second term: total volume of TILs. 
Table 3: List of model variables and parameters with the corresponding references. 
VARIABLE DESCRIPTION  EQUATION  
C Number of living tumour cells  Eq. 6  
TIL 
Number of tumour infiltrating 
lymphocytes 
 Eq. 7 
 
Cdead Number of dead tumour cells  Eq. 8  
V Tumour volume  Eq. 9  
∙ ∙ ∙ ∙ ∙ 1 1 ∙ 1 ∙ 1 1 , ∙ ∙   Eq. 6
∙ ∙ ∙ ∙ ∙ 1 ∙ 1 ∙ 1 1 , ∙ ∙ ∙   Eq. 7







∙   Eq. 9
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PARAMETER DESCRIPTION VALUE REFERENCE  
k Tumour growth rate 0.038 day-1 
Tuned to experimental 
data [132] Free param
eters 
Cmax 
Maximum number of cells in 
the tumour 
1.45 × 1011 
Tuned to experimental 
data [132] 
a 
Interaction rate between 
tumour cells and TILs 
5.64 × 10-9 day-1 
Tuned to experimental 
data [132] 
b 
Infiltration rate of TIL into the 
tumour 
7.63 × 10-3 day-1 
Tuned to experimental 
data [132] 









MHCI MHC class I expression 2.3% [134] 
PDL1 PD-L1 expression 37.5% [132] 
PD1 PD-1 expression 54% [135] 
PD1occup 
Occupancy of PD-1 by anti-
PD-1 antibodies 





Dead tumour cells removal 
rate 
0.0935 day-1 [136] 
d Natural TIL death rate 0.406 day-1 [137] 
rc Tumour cell radius 11.4 μm [138] 
rTIL TIL radius 5 μm [139] 
 
The model was constructed based on the following biological rationale and the underlying 
assumptions: 
1) Intrinsic tumour growth follows the Gompertz function. 
Uncontrolled sustained proliferation has long been known as one of the hallmarks of cancer 
[140,141]. Several mathematical functions with different degrees of complexity are 
commonly used to describe intrinsic tumour growth: exponential, exponential linear, power 
law, logistic, generalised logistic, von Bertalanffy, Gompertz, etc. In our model, we have 
chosen Gompertz function because it was shown that, in most situations, it represents the 
best trade-off between the goodness of fit to the experimental data and the complexity of a 
modelling function (number of parameters) [142]. 
 
2) Only T cells are involved in the anti-tumour response to anti-PD-1 immunotherapy. 
Anti-PD-1 immunotherapy is typically considered to enhance T cell response [97,98]. 
Consequently, we assume that only T cells infiltrating the tumour, i.e. TILs, are involved in 
the anti-tumour response to anti-PD-1 immunotherapy. PD-1 can also be expressed on the 
surface of other immune effector cells, such as NK cells. Still, as a first approximation, we 
neglect the antitumour activity of NK cells in anti-PD-1 immunotherapy [143]. If the 
contribution of NK cells is noteworthy, their effect could be included indirectly in parameter 
a (interaction rate between tumour cells and TILs), which is a fitted parameter in our model. 
 




 The interaction between tumour cells and TILs can only occur if tumour-specific 
antigens are processed and presented via MHC class I receptors (parameter 
MHCI). 
MHC class I needs to be expressed on the surface of tumour cells for T cells to recognise 
the target [144]. Downregulation of MHC class I is an important strategy for tumour 
cells to escape immune surveillance [145]. In our model, we only distinguish between 
MHC class I positive (MHC-I+, one or more MHC class I complexes are expressed on 
the cell surface) and MHC class I negative tumour cells (MHC-I-, no MHC class I 
complexes are expressed). The fraction of MHC-I+ tumour cells is characterised by the 
parameter MHCI.  
 TMB is proportional to SNV of a tumour cell line (parameter SNV). 
Several studies have suggested that the TMB could predict the response to 
immunotherapy [146,147]. An increased TMB leads to an elevated number of 
neoantigens able to trigger an immune response, a pre-determining factor for the 
selection of candidates for immunotherapy. We assume a linear relationship between 
SNV in the genome of a specific tumour cell line, and the number of cell line-specific 
tumour antigens that could be produced and presented via MHC class I pathway, as a 
consequence of SNV.  
 TILs can be inactivated via the PD-1/PD-L1 pathway (parameters PD1, PDL1). 
When tumour cells and TILs interact, we allow for two possible outcomes: (a) the 
tumour cell dies as a consequence of granzyme and perforin release by the TIL [148], 
or (b) the TIL becomes dysfunctional and dies because of the activation of the PD-1/PD-
L1 pathway [149]. The fraction of tumour cells expressing PD-L1 and the fraction of 
TILs expressing PD-1 are set with parameters PDL1 and PD1, respectively.   
 Anti-PD-1 pharmacodynamics (parameter PD1occup) is influenced by the natural 
death rate of TILs. 
Since no experimental data about the PK and PD of murine anti-PD-1 antibodies could 
be found in literature, we assess the effect of PD-1 receptor blockade by referring to 
human data, namely to a Phase I study of the anti-PD-1 antibody nivolumab [82]. In this 
study, it was shown that after one application of nivolumab, more than 70% of PD-1 
receptors on circulating T cells remain occupied for more than two months. Our main 
assumption is that anti-PD-1 antibodies remain bound to PD-1 receptors until the natural 
death of T cells. Therefore the difference between the life span of human T cells and 
murine T cells (model parameter d) is critical because it influences the difference 
between human and murine anti-PD-1 pharmacokinetics and pharmacodynamics. Based 
on this assumption, we take nivolumab data and scale it accordingly to the difference in 
half-lives of human T cells (77 days) [150] versus murine T cells (41 hours) [137]. 
Finally, to match the assigned dose and schedule in the simulation, we interpolate the 
so obtained murine anti-PD-1 PK and PD. The result is parameter PD1occup, which 
describes the occupancy of PD-1 receptors on T cells at each time point of the simulation 
as determined by anti-PD-1 dose, which is also scaled by the ratio of human to murine 
body mass. This scaling from human to murine anti-PD-1 PK and PD is currently the 
best possible approximation for our task. If the murine anti-PD-1 PK and PD data 
becomes available in the future, it can be incorporated into the model easily.  
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4) Infiltration of T cells into the tumour is proportional to the tumour surface area and 
SNV. 
Numerous studies show a strong positive correlation between infiltration of T cells into 
solid tumours and favourable prognosis [151–155]. After the activation in regional lymph 
nodes, T cells use blood vessels and lymphatic vessels to migrate to the tumour, as well as 
to infiltrate the tumour mass. It is well known that established tumours in general consist of 
a well-vascularised periphery, a seminecrotic intermediate region and an avascular necrotic 
core [156]. Compared to the central region, tumour vasculature is denser and more abundant 
at the contact between the tumour and the healthy tissue, and its density tends to decrease 
as the tumour grows [157]. We assume that tumour vasculature is one of the bottlenecks for 
an effective infiltration [158]. Consequently, we assume proportionality of T cell infiltration 
to the tumour surface area. Additional prerequisites for effective infiltration are tumour 
neoantigens, which can be recognised by DC and further serve as a target for T cells 
[158,159]. Based on the evidence from a study of human melanoma, showing a strong 
correlation between the numbers of predicted human leukocyte antigen (HLA) class I and 
II (i.e. human MHC class I and II) neoantigens and the number of SNV, we assume TIL 
infiltration is proportional to the number of SNV [160].   
5) Dead tumour cells are removed with removal rate l. 
Since the results of our simulations are tumour growth curves, the dynamics of dead tumour 
cell removal needs to be taken into account. Our model does not differentiate dead cells by 
cell death pathways.  In a clinical study on tumour volume variation during radiotherapy for 
head and neck and lung squamous cell carcinoma, it was shown that the half-life of lethally 
damaged cells in humans is approximately four doubling times (parameter l) [136]. We 
were not able to identify similar studies performed on mice. Therefore, we adopted this data 
for our simulations of murine tumours by calculating parameter l as four doubling times of 
the B16-F10 melanoma cell line. 
 
6) Calculation of macroscopic tumour volume (parameters rc and rTIL): 
For transitioning from the number of tumour cells to a macroscopic tumour volume, Eq. 9 
is used. We are aware that in reality, tumours are not homogeneous masses composed only 
of tumour cells, but a heterogeneous mixture of many other cell types which constitute the 
tumour microenvironment. However, since other cell types are not being modelled, we take 
into account only tumour cells, dead tumour cells, and TILs when calculating tumour 
volume. We assume that both tumour cells and TILs are spherical with radius rc and rTIL, 
respectively. The dynamics of dead TILs is neglected, and the model assumes that they are 
removed from the tumour instantly. The inclusion of dead TILs into the model would result 
in an additional free parameter (removal rate), but the impact on the calculated tumour 
volume would be negligible. The density of (dead) TILs in a tumour is usually orders of 
magnitude lower than that of tumour cells (observed both experimentally in vivo as well as 
in our simulations [161]). Additionally, the volume of a tumour cell is an order of magnitude 
higher than the volume of TILs. There are many ways to measure, calculate and present 
tumour size. In cases of experimental data reporting tumour volumes in mm2 as a product 
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of two orthogonal tumour diameters [162], we compare simulated to experimental data by 
assuming the simulated tumour is spherical and then calculate the square of its diameter.  
3.2.2 Model Tuning 
Once the model was formulated, we tuned the parameters so that the model could reproduce 
(fit) the observed experimental results. Most model parameters were found or approximated 
from literature, except for the parameters k, Cmax, a, and b, which were assessed by fitting the 
model to murine experimental data from the literature, in which B16-F10 murine melanoma 
was treated with anti-PD-1 antibodies [132]. The main rationale for choosing explicitly 
experimental data by Kleffel and colleagues was that they performed experiments with anti-
PD-1 ICI both on immunodeficient, as well as on wild type mice strains. Experimental data (as 
well as the equations of our model) clearly show that the immune system has an important 
impact on tumour growth even if the tumour is not being treated. Namely, the growth of 
untreated tumour in the absence of the immune system is significantly faster than the growth of 
untreated tumour in mice with a fully functional immune system. To assess the aforementioned 
parameters, we fitted the model with different initial conditions simultaneously to the following 
tumour growth data: 
1. B16-F10 melanoma implanted into NSG mice (the most immunodeficient laboratory 
mice strain, lacking mature T cells, B cells and NK cells), which received no further 
therapy after the tumour implantation (NSG control group). Initial condition: no TILs 
in the system, all immune-related parameters were set to 0. 
2. B16-F10 melanoma implanted into C57BL/6 mice (wild type mice with a fully 
functional immune system), which received no further therapy after the tumour 
implantation (C57BL/6 control group).  
Initial condition: PD1occup = 0 at every time-point of the simulation. 
3. B16-F10 melanoma implanted into C57BL/6 mice, which received further therapy with 
murine anti-PD-1 antibodies (C57BL/6 anti-PD-1 group).  
Initial condition: PD1occup ≠ 0 (time- and dose-dependent). 
In all experiments, 2 × 105 B16-F10 melanoma cells were injected subcutaneously into the 
flanks of recipient mice. In C57BL/6 anti-PD-1-treated group, anti-PD-1 antibodies were 
injected intraperitoneally (i.p.), 200 μg per injection, which is approximately 10 mg/kg, 
considering that the bodyweight of C57BL/6 mice is around 20 g. The first anti-PD-1 dose was 
applied one day before the injection of tumour cells, and every two days thereafter. When 
fitting, we set all immune-related parameters in the model to zero (a = 0, b = 0) in the case of 
NSG control group. Similarly, in the case of the C57BL/6 control group, the value of treatment-
related parameter PD1occup was set to zero (PD1occup = 0). All other model parameters were kept 
fixed. Literature-based parameters, as well as the parameters obtained by fitting, are 
summarised in Table 3, together with the corresponding references. 
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3.2.3 Model Predictions 
When we confirmed the ability of the model to reproduce experimental results, we tested its 
predictive ability on two independent experimental datasets [162,163]. In one of the series of 
experiments performed by Sanchez-Paulete and colleagues, 5 × 105 B16-OVA melanoma cells 
were injected subcutaneously into the right flanks of C57BL/6 mice [162]. The control group 
of mice was administered an empty plasmid (due to the additional study objectives), and the 
other group was administered an empty plasmid concomitant with i.p. injections of anti-PD-1 
antibodies on days 4, 7 and 10. The administered anti-PD-1 dose was 100 μg per injection, 
which is an equivalent of 5 mg/kg. Tumour size was measured twice weekly and calculated as 
the product of two orthogonal diameters.  
The second set of independent data used to validate the predictive ability of our model was 
taken from the series of experiments by Scharping and colleagues, in which 2.5 × 105 B16-F10 
melanoma cells were injected intradermally into C57BL/6 mice [163]. The anti-PD-1 group 
was administered i.p. 200 μg/injection (the equivalent of 5 mg/kg) of anti-PD-1 antibodies with 
a concomitant injection of phosphate-buffered saline (PBS) (due to the other study objectives), 
starting on day 5 and every four days thereafter. Meanwhile, the control group was administered 
anti-PD-1 isotype control immunoglobulin G and PBS, according to the same schedule. Tumour 
size was reported as the product of two orthogonal diameters. 
We performed simulations with all model parameters fixed to the values summarised in Table 
3, except for the initial conditions and parameters specific for each dataset (summarised in 
Table 4), such as the initial number of implanted cells, and anti-PD-1 dose and schedule. 
Additionally, the PD-L1 expression on B16-OVA cells was found to be different from the PD-
L1 expression on B16-F10 cells (100% versus 37.5%, respectively, measured by flow 
cytometry) [164]. For the simulations of B16-OVA cell line, we assumed the intrinsic 
parameters k, Cmax, a, and b to be the same as obtained by fitting the model to the B16-F10, 
because they both originate from the B16 cell line. There is no data in the existing literature 
describing differences between B16-F10 and B16-OVA proliferation rate. Besides PD-L1 
expression, B16-OVA most likely differs from B16-F10 only in the presence of ovalbumin, one 
of many tumour specific antigens [165].  
Table 4: Difference in initial conditions and model parameters, used for tuning the model and generating model 
predictions. All other model parameters were kept fixed (see Table 3). 
  MODEL TUNING MODEL PREDICTIONS 
REFERENCE [132] [162] [163] 
CELL LINE B16-F10 B16-OVA B16-F10 
VARIABLE INITIAL VALUE 
C 2 × 105 5 × 105 2.5 × 105 
PARAMETER VALUE 
PDL1 37.5% 100% [164] 37.5% 
PD1occup  (dose) 200 μg per injection, i.p.  100 μg per injection, i.p. 200 μg per injection, i.p. 
PD1occup  
(schedule) 
One day before implantation 
and every two days 
thereafter 
Days 4, 7 and 10 after 
implantation 




To quantitatively assess the generated model predictions, we calculated the mean relative 
deviation of the simulated tumour volume to the experimental data (Eq. 10). 
In Eq. 10, ̅ represents mean relative deviation, Vs  and Ve represent simulated and 
experimentally measured tumour volume (mean value), respectively, and i is an index which 
runs over all time points of number N experimental data. We exclude the points at t = 0 from 
the calculations. 
3.2.4 Sensitivity Study 
We performed a sensitivity study to explore the impact of model parameters on the simulated 
results. We modulated each parameter by ±1%, ±10% and ± 20% from the literature-
based/fitted values (Table 3) and calculated a time-averaged sensitivity coefficient (Eq. 11) as 
an average of absolute sensitivity coefficients at each time point of the simulation (Eq. 12) 
[166].  
In Eq. 11 and Eq. 12, pj and sj represent the j-th parameter and its corresponding sensitivity 
coefficient, respectively. V represents tumour volume, and N is the number of time steps in the 
simulation. In our sensitivity study, N = 1201 (simulated time interval: 20 days, time step: 1/60 
day).  
Because the sensitivities of the parameters depend strongly on the initial parameter values, we 
also performed a sensitivity study by exploring the entire possible range of individual 
parameters. We first assessed the meaningful range of each studied parameter and then 
uniformly increased its value, starting from the lower bound. If the lower bound was equal to 
zero and resulted in no visual difference between the treated and the untreated group, we 
increased the lower bound to be slightly higher than zero, to obtain more illustrative plots. The 
results are presented graphically as simulated tumour growth curves. This set of sensitivity 
studies was performed on a longer time scale (60 days) to visualise better the difference in 
simulation results between the control and treatment cases. However, the model was built and 
tuned to simulate anti-PD-1 murine experiments, which are usually conducted on shorter time 
scales (15–30 days). Therefore, the late tumour responses observed in this sensitivity study 
should be interpreted conservatively. We labelled the unrealistic scenarios when the murine 
tumour volume becomes larger than 850 mm3 (in real experiments, mice would most likely 
already have died or been sacrificed). This threshold was set according to the C57BL/6 control 









Finally, we performed a sensitivity study by varying all parameters simultaneously. Parameter 
values were drawn randomly from Gaussian distributions with mean μ equal to the 
corresponding value from Table 3 and the standard deviation σ equal to σ = 0.1μ (first set of 
simulations) and σ = 0.5μ (second set of simulations). We performed 500 simulations for each 
set. The results are presented as box plots in Figure 12.  
3.3 Results 
3.3.1 Model Tuning 
The model was tuned by fitting it simultaneously to experimental data of three groups of mice 
[132] (Figure 6): Immunodeficient NSG control group (blue diamonds), wild type C57BL/6 
control group (green squares), and wild type anti-PD-1 group (red circles). Fitted tumour 
growth curves are represented with a solid blue line (NSG control group), dash-dot green line 
(C57BL/6 control group), and a dashed red line (C57BL/6 anti-PD-1 group). The obtained 
parameter values were: tumour growth rate k = 0.038 day-1, maximum number of cells in tumour 
Cmax = 1.45× 1011, interaction rate between tumour cells and TILs a = 5.64 × 10-9 day-1, and 
infiltration rate of T cells into tumour b = 7.63 × 10-3 day-1. All other model parameters are 
summarised in Table 3. 
 
3.3.2 Model Predictions 
We assessed the predictive ability of the model by using two independent experimental datasets 
from literature with some of the initial conditions (parameters) being different but well-known 
Figure 6: Model tuning. The model with free parameters k, Cmax, a, and b was fitted to experimental data, in which 2 × 105
B16-F10 melanoma cells were injected into three groups of mice [132]. Blue diamonds: immunodeficient NSG control group, 
which received no further therapy after the tumour implantation. Green squares: wild type C57BL/6 control group, which 
received no further therapy after the tumour implantation. Red circles: wild type C57BL/6 control group, treated with anti-
PD-1 antibodies (200 μg/injection, every two days). The experimental data is represented as mean ± SD. The fitted simulations 
are represented with lines. Blue solid line: NSG control group. Green dash-dot line: C57BL/6 control group. Red dashed line: 
C57BL/6 anti-PD-1 group. 
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(Table 4) and compared the data to our simulations. First, we simulated experimental scenarios 
of Sanchez-Paulete and colleagues [162]. As seen in Figure 7, the simulated growth curves are 
in good agreement with the experimental data. The model slightly underestimates the growth 
of the untreated tumour. Mean relative deviation of simulated control tumour volume (solid line 
– green) to the mean value of experimental data (green squares) is 13%. On the other hand, the 
model slightly overestimates the growth of the anti-PD-1-treated tumour. Mean relative 
deviation of simulated anti-PD-1-treated tumour volume (dashed line – red) to the mean value 
of experimental data (red circles) is 19%. 
The second experimental dataset that we used to test the predictive ability of our model was 
from Scharping and colleagues [163]. Agreement between the simulations and the experimental 
data is presented in Figure 8.  
Figure 7: Model predictions versus experimental data (Sanchez-Paulete et al. 2016, [162]). Model predictions were 
compared to experimental data, in which 5 × 105 B16-OVA melanoma cells were injected subcutaneously into the flanks of
C57BL/6 mice and treated with anti-PD-1 antibodies. Green squares: control group. Red circles: anti-PD-1 group (100 
μg/injection, days 4, 7 and 10). The experimental data is represented as mean ± SD. Simulations are represented with lines. 
Green solid line: control group. Red dashed line: anti-PD-1 group. 
Figure 8: Model predictions versus experimental data (Scharping et al. 2017, [163]). Model predictions were compared 
to experimental data, in which 2.5 × 105 B16-F10 melanoma cells were injected intradermally into the flanks of C57BL/6
mice and treated with anti-PD-1 antibodies. The experimental data is represented as mean ± SD. Simulations are represented
with solid lines. Left: control group. Right: anti-PD-1 group (200 μg/injection, days 5, 9, 13, and 17). 
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In this case, the experimental data is also in good agreement with our simulations. Mean relative 
deviation of simulated control tumour volume (Figure 8, left: solid line – green) to the mean 
value of experimental data (Figure 8, left: green squares) is 14%, while the mean relative 
deviation of simulated anti-PD-1-treated tumour volume (Figure 8, right: solid line – red) to the 
mean value of experimental data (Figure 8, right: red circles) is 20%. 
3.3.3 Sensitivity Study 
To test the robustness of the model and to study the impact of model parameters on simulation 
results, we performed a sensitivity study by calculating time-averaged sensitivity coefficients 
for each model parameter. We modulated the parameter values, summarised in Table 3, by 
±1%, ±10% and ±20%. The results for the +10% scenario are shown in Figure 9, while other 
scenarios (±1%, ±20%) lead to similar trends.  
In case of untreated control tumours, by far the most sensitive parameter was tumour growth 
rate k with a sensitivity coefficient more than an order of magnitude higher than that of other 
parameters, except tumour cell volume Vc  (  with the expected value around 1 (which 
can be easily derived from Eq. 9 by taking into account that Vc  >> VTIL). The maximum number 
of cells in tumour Cmax appeared to be the third most sensitive parameter, which supplements 
the group of the intrinsic tumour parameters (k, Vc, Cmax), having the highest relative sensitivity 
coefficients. Among other parameters, the most sensitive were SNV, b, MHCI, and a, in order 
of decreasing sensitivity. The remaining five parameters (PDL1, PD1, d, l, VTIL, PD1occup) were 
the least sensitive. Sensitivity analysis of anti-PD-1 treated tumour simulations did not show a 
notably different picture. Sensitivity coefficient values of the intrinsic tumour parameters (k, 
Figure 9: Sensitivity study – time-averaged sensitivity coefficients. Left – control tumour simulations sensitivity 




Vc, Cmax) were slightly lower in the case of treatment with anti-PD-1. In contrast, sensitivity 
coefficients of the majority of the other parameters increased slightly (SNV, b, a, MHCI, d, l, 
VTIL, PD1occup). Surprisingly, relative sensitivity coefficients of parameters PDL1 and PD1 
slightly decreased. The reason is that the number of immune-suppressive PD-1/PD-L1 
interactions between tumour cells and TILs is largely reduced under anti-PD-1 therapy. 
Consequently, the modulation of parameters PDL1 and PD1 has less impact on the resulting 
tumour growth under treatment as compared to control. 
Although relative sensitivity coefficients provide insight into the relationship between 
parameters and simulation results to some extent, their values strongly depend on their initial 
values. For instance, MHC class I expression MHCI was 2.3% in our case, and by modulating 
this parameter ±10% of the initial value, we investigated just a tiny space of all possible MHC 
class I values (2.07%–2.53%). Therefore, we also performed a sensitivity study by modulating 
the parameters through their entire expected and meaningful range. We focused mainly on the 
parameters which have a known range or which could be relatively easily measured 
experimentally, namely k, SNV, MHCI and PDL1. The results are presented graphically in 
Figure 10. As already indicated by sensitivity coefficients, tumour growth rate k has a 
significant effect on the model results (Figure 10A). However, with the chosen set of model 
parameters, the simulated growth of control tumour is not significantly different from the anti-
PD-1-treated tumour for all k values (for the realistic scenarios). The model suggests that late 
responses to anti-PD-1 immunotherapy might be observed in case of less aggressive tumours 
with longer cell cycle time (lower k). A similar trend is observed with single nucleotide 
variations SNV (Figure 10B). On the other hand, MHC class I expression MHCI seems to play 
an essential role in discriminating responders from non-responders to anti-PD-1. In our 
simulations, tumours with low MHC class I expression appear resistant to anti-PD-1 therapy. 
In contrast, tumours with higher MHC class I expression achieve favourable responses early 
after the treatment initiation (Figure 10C). Surprisingly, PD-L1 expression does not have a 
significant impact on treatment results if the simulations are performed with a set of parameters, 
which are summarised in Table 3 (Figure 10D). 
Keeping in mind that positive PD-L1 expression is usually a key criterion for treatment with 
anti-PD-1 antibodies in clinics, and is often connected with favourable outcome [61,167], we 
tested whether our model is insensitive to PD-L1 expression in general or just as a consequence 
of the chosen set of model parameters. We performed another PD-L1 sensitivity study, this time 
with an increased MHC class I expression (MHCI = 10%). In this scenario, the model does 
become sensitive to PD-L1 (Figure 11). Based on its expression, it is now possible to 
discriminate responders from non-responders to anti-PD-1 antibodies. Interestingly, the model 
indicates that the best response could be observed for moderate PDL1 values (PDL1 = 33% and 
66%), while the growth of the tumour with 100% PD-L1 expression is only delayed, comparing 
to the control group. 
Finally, we performed sensitivity studies by varying all parameters simultaneously (Figure 12). 
Parameter values were drawn randomly from Gaussian distributions. In the first set of 
simulations (μ, σ = 0.1μ) (Figure 12A), all control (untreated) tumours escaped the immune 
system and grew above 850 mm3 by day 30. On the other hand, more than half of the simulated 
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tumours treated with anti-PD-1 did not respond to therapy. The best-observed response to anti-
PD-1 was a delay in the tumour growth with the minimum tumour volume V = 255 mm3 on day 
30. All outliers were found above the median (except on day 0). When we increased the standard 
deviation to σ = 0.5μ (second set of simulations), the results became far more heterogeneous 
(Figure 12B). The medians of both groups slightly decreased. Both non-responsive tumours, as 
well as complete responders, were observed in the anti-PD-1 group on day 30. Even in the 
control group, the immune system was able to eradicate tumour for some sets of parameters. 
All outliers were again above the median. 
Figure 10: Sensitivity study – modulation of absolute values of parameters through the entire possible range. Top left: 
reference results – simulations performed with parameter values from Table 3, (A) k sensitivity, (B) SNV sensitivity, (C) MHCI 
sensitivity, (D) PDL1 sensitivity. Thick green solid line (control) and thick red dashed line (anti-PD-1) represent simulation 
results, which could be observed in real experiments. Thin dotted lines represent unrealistic scenarios for murine tumours (V





In this chapter, we have developed a deterministic population model, based on a bottom-up 
approach, which can reproduce and predict tumour response to therapy with anti-PD-1 
antibodies. We have built a model with the fewest possible number of parameters without losing 
predictive power. Out of 13 model parameters, only four of them are free (tumour growth rate 
k, the maximum number of cells in tumour Cmax, interaction rate between tumour cells and TILs 
a, and infiltration rate of T cells into tumour b), while all other parameters were estimated from 
Figure 12: Sensitivity study – all parameters varied simultaneously. Parameter values were drawn randomly from 
Gaussian distributions with mean μ equal to the corresponding value from Table 3 and the standard deviation σ equal to σ = 
0.1μ (A) and σ = 0.5μ (B). 500 simulations for each set were performed. The results are represented as standard box plots, in
which the central mark indicates the median, the top and bottom box edges indicate the 75th and 25th percentiles, respectively. 
The whiskers represent the extreme data points excluding outliers. The outliers are plotted as the ‘+’ symbols. 
Figure 11: PD-L1 sensitivity study with different set of parameters as compared to Table 3. MHC class I expression was 
increased to MHCI = 10%. Thick green solid line (control) and thick red dashed line (anti-PD-1) represent simulation results, 
which could be observed in real experiments. Thin dotted lines represent unrealistic scenarios for murine tumours (V > 850
mm3, mice dead or sacrificed). 
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the literature. Importantly, all of the free parameters could be measured experimentally. For 
example, k and Cmax characterise intrinsic tumour growth in the absence of the immune system 
and could be measured by implantation of tumour cells into immune-deficient mice strains, 
such as nude mice, NSG mice, or other immune-deficient model organisms. From experimental 
data in Figure 6, it is evident that the control tumours implanted into NSG mice grow much 
faster compared to the control tumours implanted into C57BL/6 mice with a fully functional 
immune system. Measurement of the parameter a could be done in vitro by a cytotoxicity assay 
(tumour cells and T cells) followed by cytometric quantification of cell death.  It might also be 
possible to measure parameter b – first by implanting tumour cells into PD-1 knockout mice (to 
assure that TILs are not being inactivated via PD-1/PD-L1 pathway once they infiltrate tumour), 
and then cytometrically determining the TILs density in tumour versus tumour surface area at 
various time points of tumour growth.  
When we tuned the model to the data from literature [132], we fitted the parameters k, Cmax, a, 
and b simultaneously to the data from three experiments with different initial conditions (NSG 
control group, C57BL/6 control group, C57BL/6 anti-PD-1 group) (Figure 6). See Section 
3.2.2. The reason for simultaneous fitting was averaged tumour growth data, which was only 
available. Namely, in Figure 6, it can be seen that the averaged tumour growth of NSG control 
group follows the Gompertz function. In contrast, the averaged tumour growth of C57BL/6 
control and anti-PD-1 group is nearly exponential. It may, or may not be valid for the growth 
of each individual tumour. However, it was impossible to assess the parameters k and Cmax 
separately by fitting the model exclusively to NSG control group and further obtain good fits 
of the remaining parameters a and b on the other two experiments (C57BL/6 control group, 
C57BL/6 anti-PD-1 group). To properly measure model parameters in the future, experimental 
data should be analysed by taking into account high inter-patient variability, for instance by 
fitting the model to individual tumour growth curves using non-linear mixed-effects models 
[168]. Especially in immunotherapy, inter-patient variability for the same kind of treatment can 
be substantial, ranging from the complete response (CR) to PD [169], which consequently 
reduces the informative value of averaged tumour data for quantitative studies.  
Furthermore, our model was tuned to simulate melanomas (B16-F10, B16-OVA). The model 
can easily be used to simulate other types of cancer, but free and fixed parameters should be 
tuned and measured separately for each individual tumour location and histopathology. For 
example, different types of tumours can vary significantly in intrinsic growth rate k, SNV, MHC 
class I, and PD-L1 expression [133]. Additionally, because of different vascular density and 
tumour microenvironment composition (containing varying amounts of immune-suppressive 
cells, e.g. regulatory T cells (Tregs), myeloid-derived suppressor cells (MDSCs), and tumour-
associated macrophages, the (macro)parameters a and b can vary significantly between 
different types of tumours [170,171]. 
Model predictions, performed on independent experimental data are within expectations 
(Figure 7 and Figure 8). The model can predict the growth of control, as well as anti-PD-1- 
treated tumours adequately well in experiments with different types of melanoma (B16-F10 vs 
B16-OVA), PD-L1 expression, number of implanted tumour cells, and different anti-PD-1 dose 
and schedule [162,163]. Since the majority of model parameters were taken and assessed from 
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various published studies and were not explicitly measured in every particular experiment that 
we simulated, the agreement between the simulations and the experimental data is even more 
surprising. Furthermore, in our model, all parameters (except PD1occup) are assumed to be 
constant throughout the simulation, which might not be true in reality. For instance, studies 
report that PD-L1 can be upregulated as a response to interferon-gamma (IFN ) released by 
TILs, representing an adaptive immune-resistance mechanism, or as a consequence of 
oncogenic signalling pathways, representing an intrinsic immune-resistance mechanism 
[98,172,173]. Furthermore, the number of SNV in the genome of tumour cells is assumed to be 
constant during tumour progression and anti-PD-1 therapy. Contrarily, in a study by Efremova 
and colleagues, it was shown that anti-PD-1/PD-L1 immunotherapy potentiates immunoediting, 
which can result in alterations to the tumour genome, the neoantigen landscape, and the tumour 
heterogeneity. However, the most potent effect of immunoediting was observed in 
hypermutated tumours (MC38 colon carcinoma), whereas the immunoediting effects were less 
pronounced in non-hypermutated tumours (CT26 colon carcinoma) [174]. For the case of B16 
melanoma, which harbours 3-fold fewer SNVs compared to CT26 [133], our assumption of 
keeping SNV constant during simulations is most likely a good approximation. However, the 
immunoediting effects should be incorporated into the model for simulations of hypermutated 
tumours. Another critical parameter with likely dynamic nature is MHC class I expression. 
Downregulation of the MHC class I pathway is one of the most important strategies tumours 
use to escape immune surveillance. MHC class I downregulation can be reversible or non-
reversible and further connected with the stage of tumour development [175]. Presumably, at 
an early stage, the majority of tumours are MHC class I positive, turning into an MHC class I 
negative phenotype at a later stage due to T cell-mediated immune selection [176]. If MHC 
class I downregulation is reversible, its function can be restored as a response to different 
cytokines, for instance, as a response to IFN  [177].  However, until the dynamics of these 
parameters are determined and measured experimentally, we treat them as second-order 
corrections and do not include them in our model.  
The results of sensitivity studies (Figure 9 and Figure 10A) reveal that the model is very 
sensitive to intrinsic growth rate k, which is expected. However, since k describes uncontrolled 
sustained proliferation [140,141] in the absence of an immune response and is most likely 
connected with the cell cycle of specific tumour cell lines [178], modulation of k only results 
in the difference in time a tumour needs to grow to a certain volume, regardless of whether or 
not is being treated with ICI. As seen in Figure 10A, the growth of anti-PD-1-treated tumour 
does not differ notably from the growth of untreated tumour in the first 20 days, regardless of 
the value of k. Therefore, according to our model, it is not possible to predict early response to 
ICI based on k value. The model does suggest late tumour responses to ICI for less aggressive 
tumours with lower k; however, these findings are questionable, because the model was tuned 
on experiments conducted on short time scales of 0–20 days.   
Similar behaviour is also observed when performing a sensitivity study of the parameter SNV. 
More immunogenic tumours with higher mutational load grow slower, or even fail to establish, 
compared to less immunogenic tumours with lower mutational load (Figure 9 and Figure 10B). 
However, the value of SNV does not discriminate responders from non-responders to anti-PD-
1 therapy – the difference in growth curves between the treated and untreated group is negligible 
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for all SNV values, for the parameter set from Table 3. This result is consistent with 
experimental observations in human melanoma patients reporting that high mutational load 
does not predict response to anti-PD-1 therapy [160]. Although the median SNV of responders 
was higher than the median SNV of non-responders in this study, the difference was not 
statistically significant (p = 0.30). However, Hugo and colleagues did show that mutational load 
was found predictive of clinical benefit as reflected by the OS. The top third of patients, ordered 
by SNV value, had longer OS compared to the bottom third of patients (p = 0.005). Of note, the 
same trend, although not statistically significant, was also observed in patients not treated with 
anti-PD-1 immunotherapy. These findings are in agreement with the results of our sensitivity 
study, where we have shown that progression of tumours with higher SNV is much slower 
compared to tumours with low mutational burden, regardless of whether they are being treated 
or not. 
As we explained in the sensitivity study, the insensitivity of the model to PD-L1 expression 
seems surprising and contradictory. PD-L1 expression on tumour cells is usually considered to 
be a favourable prognostic biomarker of response to anti-PD-1 therapies [61,167], although a 
proportion of patients with PD-L1 negative tumours also respond to such treatment [179]. 
Additionally, especially in the case of melanoma, it is also well known that the results of pre-
clinical anti-PD-1 trials do not always correlate with the results observed in clinical settings. 
While anti-PD-1, as well as anti-CTLA-4 immunotherapies, represent a breakthrough for 
human melanoma patients, resulting in high response rates and favourable outcomes compared 
to other systemic therapies [3,180], pre-clinical melanomas are mostly insensitive to ICI as 
monotherapies [132,162,163]. The latter is in agreement with observations of our PD-L1 
sensitivity study, where the simulated tumour remains resistant to anti-PD-L1 therapy for all 
values of parameter PDL1 (1–100%) (Figure 10D). In our model, this tumour response 
behaviour is mainly due to very low MHC class I expression (2.3%) of B16 melanoma cell line 
[134]. If we tried to mimic human tumour properties and slightly increase the fraction of tumour 
cells expressing MHC class I, e.g. increase MHCI from 2.3% to 10%, the model does become 
more sensitive to anti-PD-1 therapy (Figure 11). It might explain why a proportion of human 
melanoma patients, in contrast with pre-clinical models, achieve favourable and durable 
responses to anti-PD-1 immunotherapy – studies have shown that MHC class I expression in 
human melanoma tumours can vary significantly among patients with values from 0–100% 
[181]. Furthermore, the simulations with increased MHCI (10%) suggest that the best tumour 
response to anti-PD-1 should be observed for moderate PDL1 values (PDL1 = 33% and 66%), 
which is interesting. An explanation for this might be that while the PD-1/PD-L1 pathway 
protects the tumour against the T cells, the PD-1/PD-L1 pathway is also the main target for anti-
PD-1 immunotherapy. Therefore, if PD-L1 expression is too high, the immune system becomes 
incapable of controlling the tumour despite PD-1/PD-L1 blockade. Studies showed that PD-1 
receptors on T cells are never 100% occupied by anti-PD-1 antibodies [82], and moreover,  
robust activation of other immune checkpoints can appear as a consequence. On the contrary, 
if PD-L1 expression is too low, treating the patient with anti-PD-1 immunotherapy would not 
be expected to be effective because the main target is missing. It might also suggest a lack of 
adequate activated effector cells.  
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We showed in the sensitivity studies that sufficient MHC class I expression on tumour cells is 
one of the prerequisites for successful immunotherapy with ICI and could serve as a predictive 
biomarker of resistance. Namely, T cells can recognise only those tumour cells, which present 
their antigens through MHC class I receptor [144]. In the case of ineffective antigen 
presentation through MHC class I complex, the adaptive immune system is unable to recognise 
the target to attack despite blocking immunosuppressive PD-1/PD-L1 pathway with ICI. 
Indeed, in our sensitivity study, the parameter MHCI was the only parameter able to 
discriminate responders from non-responders to anti-PD-1 therapy (Figure 10C). In favour of 
our hypothesis, studies have shown positive correlations between defects in antigen 
presentation through MHC class I due to mutations in gene encoding beta-2 microglobulin, a 
constitutive part of MHC class I receptor, and acquired resistance to anti-PD-1 antibodies in 
various human cancer types, including melanoma, NSCLC, and colon cancer [131,182–184]. 
However, due to high inter-patient, intra-patient, and tumour heterogeneity in different 
biological properties, a combination of different biomarkers would most likely be superior to 
single biomarkers in predicting response to ICI. Based on our modelling results we speculate 
that a combination of MHC class I, PD-L1 and SNV might play a key role in driving response 
to immunotherapies, as these biomarkers provide concomitant information about tumour 
immunogenicity (SNV), tumour ability to present antigens (MHC class I), and tumour ability 
to suppress the immune response (PD-L1). Studies show that all three of these parameters can 
be highly variable among human patients [160,181,185]. 
The main limitation of the proposed model is a possible oversimplification in describing the 
immense complexity of the immune system. However, more complex models with even more 
free parameters would not serve our main purpose: to build a bottom-up model with 
translational relevance. Although more sophisticated models would theoretically provide a 
better description of the reality, their predictive ability would most likely be reduced by 
parameters that would not be experimentally measurable. Even in our simplified model, we 
observe that different combinations of initial inputs can lead to similar simulation results 
(Figure 12), and such loss of generalizability would just be potentiated in more complex models 
with too many free parameters. Another limitation is that we used published data to tune the 
model and to test its predictive ability. The majority of model parameters were not evaluated in 
these particular studies but assessed in separate studies. Experimental verification with 
concurrent on-site measurements of all relevant model parameters would provide an even better 
assessment of the predictive ability of our model. It would also allow us to evaluate our model 




4 Extended mechanistic bottom-up model of anti-
PD-1 immunotherapy, integrated with on-site 
experimental data 
4.1 Motivation 
In Chapter 3, we proposed a simplistic, mechanistic bottom-up population model to simulate 
tumour response to anti-PD-1 immunotherapy. The model was built with validation in mind; 
therefore, it was minimalistic to avoid overfitting, yet with a reasonable number of parameters 
reflecting the essential biology involved in anti-PD-1 immunotherapy. It was tuned and verified 
on independent experiments from different published studies performed in B16 murine 
melanoma [132,162,163]. The model suggested that downregulation of MHC class I 
(transmembrane proteins responsible for the presentation of self and foreign antigens) might be 
one of the main drivers of resistance to anti-PD-1 immunotherapy.  
This chapter aimed to explore further the tumour characteristics which drive patient response 
to anti-PD-1 immunotherapy by using computational modelling. The model presented in 
Chapter 3 was extended to better account for the heterogeneity of tumour cells in MHC class I 
expression and PD-L1 expression. However, the number of model parameters was not increased 
as the increment in model complexity was strongly supported by experiments. The model was 
validated on tumour growth data, obtained by own experiments conducted beyond murine 
melanoma. Additionally, in this chapter, we performed direct or indirect on-site measurements 
of some specific model parameters and initial conditions. Finally, we conducted sensitivity 
analyses to explore the impact of the measured tumour characteristics on the observed tumour 
response to anti-PD-1 immunotherapy. In January 2021, the work presented in this chapter will 
be published as a chapter (entitled Computational Modelling and Experimental Investigations 
to Enhance the Successful Response of anti-PD-1 Cancer Immunotherapies) in the book The 
Physics of Cancer (Research Advances) (published by World Scientific) [186]. 
4.2 Materials and Methods 
4.2.1 Computational model 
The interplay between tumour cells (C1-4) and TIL (consisting only of T cells) is described with 
the following bottom-up deterministic population model (Eq. 13–Eq. 19).  
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All variables, model parameters and initial conditions, obtained either by our measurements or 
from the available literature, are summarised in Table 5. 
Compared to the previous model presented in Chapter 3, the current one also accounts for 
heterogeneity in the tumour cell population, associated with different levels of resistance to 
anti-PD-1 immunotherapy (Eq. 13–Eq. 16). This increase in model complexity (additional 
variables) was supported by on-site experiments, where for each studied cell line (4T1 
mammary carcinoma, CT26 colon carcinoma), the initial number of cells in each tumour cell 
subpopulation was measured using flow cytometry (presented in Section 4.3.1). 
A detailed description of the captured biology, as well as in-depth justification of modelling 
assumptions, together with the corresponding references, can be found in Chapter 3, while here 
we present only a summary of the model terms, parameters, and initial conditions: 
Tumour cell subpopulations 
 The first group of tumour cells (C1, Eq. 13) is characterised as MHC class I positive and 
PD-L1 positive (MHC-I+ PD-L1+), meaning that these cells express both MHC class I as 
well as PD-L1 on their membranes. MHC class I molecules are transmembrane proteins 
responsible for the presentation of self and foreign antigens; therefore, their expression on 
tumour cells is a prerequisite for T cells to recognise the target to attack [144]. PD-L1 is a 
ligand for PD-1 (expressed on T cells). After a successful ligation of PD-1 and PD-L1, a 
negative feedback loop of the immune response is activated, resulting in inactivated and 
exhausted T cells [149]. Therefore, PD-L1 expression on tumour cells serves as a resistance 
mechanism but can be disabled with anti-PD-1 immunotherapy. To sum up, C1 is an MHC-
I+ PD-L1+ subpopulation of sensitive tumour cells which can be recognised and eliminated 
by T cells but can also negatively affect the immune response via the activation of the PD-
1/PD-L1 pathway if not being treated with anti-PD-1 immunotherapy. 
 The second group of tumour cells (C2, Eq. 14) is MHC class I positive, PD-L1 negative 
(MHC-I+ PD-L1-). This is the most sensitive subpopulation, which can be recognised and 
eliminated by T cells even if no immunotherapy has been administered. This subpopulation 
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Table 5: Summary of model variables, parameters and initial conditions with the corresponding references.  
 * Numbers represent a fraction of the total number of injected tumour cells. 
VARIABLE DESCRIPTION 
INITIAL 
CONDITION (t = 0)
(4T1) 
INITIAL 




Number of MHC-I+ PD-L1+ 
tumour cells 
10.6 ± 7.5% * 17.3 ± 10.4 % * Measured 
C2 
Number of MHC-I+ PD-L1- 
tumour cells 
89.0 ± 7.5% * 82.6 ± 10.4% * Measured 
C3 
Number of MHC-I- PD-L1+ 
tumour cells 
0.2 ± 0.2% * 0.0 ± 0.0% * Measured 
C4 
Number of MHC-I- PD-L1- 
tumour cells 
0.3 ± 0.5% * 0.04 ± 0.09% * Measured 
TIL Number of tumour 
infiltrating lymphocytes 
0 0  
Cdead 
Number of dead tumour 
cells 
0 0  
V Tumour volume 0 0  
PARAMETER DESCRIPTION VALUE (4T1) VALUE (CT26) REFERENCE 





Maximum number of cells in 
the tumour 





Interaction rate between 
tumour cells and TIL 
(1.59 ± 0.04) × 10-8  
day-1 






Infiltration rate of TIL into 
the tumour 
(2.24 ± 1.19) × 10-2  
day-1 





SNV Single nucleotide variations 293 3023 [133] 
PD1 PD-1 expression 76% 79% [187] 
PD1occup 
Occupancy of PD-1 by anti-
PD-1 antibodies 
Dose- and schedule- 
dependent 




Dead tumour cells removal 
rate 
0.094 day-1 0.094 day-1 [136] 
d Natural TIL death rate 0.41 day-1 0.41 day-1 [137] 
rc Tumour cell radius 9.5 ± 0.8 μm 9.9 ± 0.3 μm Measured 




 The third group of tumour cells (C3, Eq. 15) is MHC class I negative, PD-L1 positive 
(MHC-I- PD-L1+), and therefore the most resistant subpopulation which cannot be 
recognised and eliminated by T cells. Additionally, such cells are also able to suppress the 
immune response via the PD-1/PD-L1 pathway. 
 The fourth subpopulation (C4, Eq. 16) is MHC class I negative, PD-L1 negative (MHC-I- 
PD-L1-). It is a resistant subpopulation as well. Since the target ligand (PD-L1) is missing, 
anti-PD-1 immunotherapy does not have any effect on this subpopulation. 
Intrinsic tumour growth, tumour-immune interactions, and tumour volume calculation 
 Intrinsic growth of tumour cells in the absence of T cells is assumed to be Gompertzian with 
parameters tumour growth rate k and the maximum number of cells in tumour Cmax, which 
are assumed to have the same values for all four tumour cell subpopulations (first terms in 
Eq. 13–Eq. 16) [142].  
 Tumour cell elimination due to T cell-specific responses is represented with second terms 
in Eq. 13 and Eq. 14. It is proportional to the number of single nucleotide variations (SNV) 
of the tumour, associated with TMB [188]. In Eq. 13, tumour cells (C1) can be eliminated 
only by the proportion of T cells which either do not express PD-1 or which PD-1 receptors 
are occupied by PD-1 antibodies (PD1occup). The details about anti-PD-1 pharmacokinetics 
and pharmacodynamics, associated with the time- and dose-dependent value of parameter 
PD1occup, can be found in Chapter 3. 
 Infiltration of TIL into the tumour is proportional to SNV and the tumour surface area since 
it is assumed that tumour vasculature (which is more abundant at the tumour surface) is the 
main bottleneck for successful infiltration [158] (first term of Eq. 17). TIL which express 
PD-1 can be eliminated by PD-L1+ C1 and C3 subpopulations via PD-1/PD-L1 pathway 
(second term of Eq. 17). All TIL are also being removed with a death rate d due to their 
natural life span (third term of Eq. 17). 
 Tumour cells which are eliminated by the immune system are not removed from the tumour 
instantly; therefore, we move them into the compartment of dead tumour cells (Cdead, Eq. 
18). Cdead are then removed from the tumour with a removal rate l (third term of Eq. 18) 
[136]. 
 Eq. 19 is used to calculate macroscopic tumour volume by assuming all tumour cells and 
TIL are spherical with radius rC and rTIL, respectively. 
4.2.2 Model tuning and validation 
To assess Gompertzian parameters k and Cmax, the immune-related parameters a and b, initial 
conditions (initial fraction of each tumour cell subpopulation C1-4 (t = 0)), as well as to validate 
model predictions, we performed our own in vitro and in vivo experiments. Two different 
murine cell lines were used, namely 4T1 mammary carcinoma (“cold tumour” – known to be 
non-responsive to anti-PD-1 immunotherapy) and CT26 colon carcinoma (“hot tumour” – 
known to be responsive to anti-PD-1 immunotherapy) [189]. The experiments were designed 
in such a way as to allow for decoupling of biological phenomena described by the 
aforementioned parameters and initial conditions:  
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 To assess the heterogeneity of injected tumour cells, the initial fraction of each tumour cell 
subpopulation (C1-4) was measured using flow cytometry.  
 In the second set of experiments, intrinsic tumour growth in the absence of T cells was 
measured in vivo by inducing 4T1 and CT26 tumours in athymic nude mice (e.g. mice strain 
lacking T cells). This data enabled us to assess the Gompertzian parameters k and Cmax of 
each tumour cell line. The model was fit to the obtained tumour growth curves by using 
non-linear mixed-effects regression model (nlmefitsa, Matlab, R2019a, The Mathworks, 
Inc., Natick, MA) assuming that all immune-related model parameters (a, b, l, d) were equal 
to zero [168].  
 In the third set of experiments, 4T1 and CT26 tumours were induced in wild-type mice with 
the fully functional immune system, which enabled us to assess the immune-related 
parameters a and b. Again, the non-linear mixed-effects regression model was used to fit 
our model to the obtained tumour growth curves. All parameters (except the fitted 
parameters a and b) were kept to the values shown in Table 5, including the previously 
measured k and Cmax. Since the induced tumours received no therapy, the parameter 
PD1occup was set to zero. 
 Finally, to validate model predictions, the fourth set of in vivo experiments was performed. 
4T1 and CT26 tumours were induced in wild-type mice receiving daily anti-PD-1 
immunotherapy when the tumour volumes reached 35–40 mm3 (see section 4.2.6). The 
obtained experimental tumour growth curves were compared to the growth curves predicted 
by the model. Model predictions were generated with fixed parameters from Table 5. No 
free parameters or additional fitting was allowed at this stage.  
4.2.3 Sensitivity analyses 
Sensitivity analyses were performed to explore the impact of the measured model parameters 
and initial conditions (k, Cmax, a, b, C3 (t = 0), C4 (t = 0)) on the predicted tumour growth curves. 
We modulated the mean value μi of each parameter i by ± the measured standard deviation σi. 
When modulating initial conditions C3 (t = 0) or C4 (t = 0) by ± their standard deviations σi, the 
same amount of cells was subtracted/added to the compartments C1 and C2, respectively, to 
preserve the same total number of the implanted tumour cells. 
4.2.4 Tumour cells and animals 
Murine 4T1 mammary carcinoma cells and CT26 colon carcinoma cells (American Type 
Culture Collection, Manassas, VA, USA) were cultured as monolayers at 37 °C  in a humidified 
incubator containing 5% CO2 using advanced RPMI (Roswell Park Memorial Institute) 1640 
Medium, supplemented with 5% foetal bovine serum (FBS) (Gibco, Thermo Fisher Scientific, 
Waltham, MA, USA), 10 mM L-glutamine (GlutaMAX, Gibco), 100 U/mL penicillin 
(Grünenthal, Aachen, Germany) and 50 mg/mL gentamicin (Krka, Novo mesto, Slovenia). 
Six- to eight-week-old female BALB/c (BALB/cAnNCrl) or athymic nude BALB/c mice 
(Crl:NU(NCr)-Foxn1nu) (Charles River, Calco, Italy) were maintained in specific pathogen-free 
conditions with 12 h light/dark cycle at 20–24 °C with 55% ± 10% relative humidity and given 
food and water ad libitum. For nude mice, food, water, bedding, cages and other housing 
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equipment were sterilised by autoclaving. Personnel involved in the care of nude mice wore 
sterilised gloves and full laboratory equipment, including masks. All procedures were 
performed in compliance with the guidelines for animal experiments of the EU Directives and 
the permission of the Ministry of Agriculture, Forestry and Food of the Republic of Slovenia 
(Permission No. U34401-1/2015/43) based on the approval by the National Ethics Committee 
for Experiments on Laboratory Animals. 
4.2.5 Flow-cytometric analysis of MHC class I and PD-L1 expression 
When 4T1 and CT26 cells reached 80% confluency, they were trypsinised. After centrifugation 
(1400 rpm, 5 min, 4 °C), cells were washed with ice-cold 1× PBS twice, and 1.5 × 106 4T1 or 
CT26 cells were incubated with anti-MHC-I (MHC Class I (H-2Kd) Monoclonal Antibody 
(SF1-1.1.1), APC; eBioscience™, Thermo Fischer Scientific) and anti-PD-L1 (CD274 (PD-L1, 
BH-H1) Monoclonal antibody (MIH5), PE; eBioscience™, Thermo Fischer Scientific) 
antibodies. After 15 min incubation on ice, cells were washed with ice-cold 1× PBS. Cells were 
additionally stained with FITC Annexin V Apoptosis Detection Kit with 7-AAD (BioLegend, 
San Diego, CA, USA) according to the manufacturer’s instructions, to exclude dead cells from 
the analysis. Samples were measured using a FACSCanto II flow cytometer (BD Biosciences, 
San Jose, CA, USA) equipped with two lasers (488 nm and 633 nm), and the results were 
analysed with the BD FACSDiva 8.0 software (BD Biosciences). At least 100,000 events were 
measured. Debris and double cells were excluded using the FSC/SSC dot plot. FMOs and 
isotype control (Mouse IgG2a kappa Isotype Control (eBM2a), APC, eBioscience™, Thermo 
Fisher Scientific) were used to determine the gating regions. For each cell line, the experiment 
was repeated five times (biological repetitions), and then the mean value and standard deviation 
were calculated. 
4.2.6 Tumour induction and therapy 
One day before tumour induction mice were shaved on their right flanks. For tumour induction, 
suspensions of 0.5 × 106 CT26 or 4T1 cells in 100 µl of 0.9% saline were injected 
subcutaneously into the right flanks of mice. Treatment was started when tumours reached 35–
40 mm3. Tumour volume was calculated using the following formula: d1 × d2 × d3 × π /6; where 
d1, d2 and d3 represent three mutually orthogonal tumour diameters. The treatment consisted of 
a daily intraperitoneal injection of 50 µg of anti-PD-1 antibodies in 100 µl of 0.9% saline (αPD-
1; clone 29F.1A12; BioXCell, West Lebanon, NH, USA) until tumours reached 300–350 mm3 
or disappeared (i.e. CR). Tumour size was measured daily with a calliper from day 0 (start of 
the therapy). Additionally, animal weights were measured, and their behaviour was observed. 
4.3 Results 
4.3.1 Flow-cytometric analysis of MHC class I and PD-L1 expression  
The results of the flow-cytometric analysis of 4T1 and CT26 cell lines are presented in Table 
6. In both cell lines, the most sensitive MHC-I+ PD-L1- subpopulation dominated with 89.0% 
± 7.5% and 82.6% ± 10.4% of the total number of 4T1 and CT26 tumour cells, respectively. 
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The MHC-I+ PD-L1+ subpopulation was represented with 10.6% ± 7.5% and 17.3% ± 10.4% 
of the total number of 4T1 and CT26 tumour cells, respectively. On the other hand, 
interestingly, we did not detect the resistant MHC-I- PD-L1+ subpopulation in any of the five 
measurements in CT26, while in 4T1, this subpopulation was present in three of five 
measurements with an average of 0.2% ± 0.2%. Similarly, the MHC-I- PD-L1- tumour cell 
subpopulation, which is also not expected to be recognised by T cells, was present only in one 
of five measurements in CT26 with an average of 0.04% ± 0.09%. In 4T1, this subpopulation 
was found in two of five measurements, with an average of 0.3% ± 0.5%. 
Table 6: Flow-cytometric analysis of MHC class I and PD-L1 expression 
4.3.2 Untreated tumour growth in athymic nude mice  
The results of in vivo experiments with 4T1 and CT26 tumours induced in nude mice (athymic 
mice strain lacking T cells) are presented in Figure 13. This series of experiments was 
performed to assess intrinsic tumour growth in the absence of T cells because it is well-known 
that the immune system has an important impact on tumour growth even in the absence of 
treatment. When the T cells are excluded from our model (a = b = l = d = 0), the model reduces 
to Gompertz terms with parameters k and Cmax only (first terms of Eq. 13–Eq. 16). The results 
obtained by the non-linear mixed-effects regression model for tumour growth rate k were 0.11 
± 0.01 day-1 and 0.077 ± 0.004 day-1 for 4T1 and CT26, respectively. The maximum number of 
tumour cells in 4T1 and CT26 tumours Cmax were assessed to be (0.22 ± 0.01) × 109 and (3.95 
± 0.29) × 109, respectively.  
4T1 
Measurement MHC-I+ PD-L1+ [%] MHC-I+ PD-L1- [%] MHC-I- PD-L1+ [%] MHC-I- PD-L1- [%] 
1 11.5 86.9 0.4 1.2 
2 3.4 96.5 0.1 0.0 
3 6.6 93.4 0.0 0.0 
4 22.9 77.1 0.0 0.0 
5 8.5 90.9 0.3 0.3 
mean ± standard 
deviation  
10.6 ± 7.5 89.0 ± 7.5 0.2 ± 0.2 0.3 ± 0.5 
CT26 
Measurement MHC-I+ PD-L1+ [%] MHC-I+ PD-L1- [%] MHC-I- PD-L1+ [%] MHC-I- PD-L1- [%] 
1 29.3 70.5 0.0 0.2 
2 15.4 84.6 0.0 0.0 
3 5.6 94.4 0.0 0.0 
4 9.7 90.3 0.0 0.0 
5 26.7 73.3 0.0 0.0 
mean ± standard 
deviation 
17.3 ± 10.4 82.6 ± 10.4 0.0 ± 0.0 0.04 ± 0.09 
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4.3.3 Untreated tumour growth in wild-type mice  
To assess the impact of T cells on the growth of untreated tumours, 4T1 and CT26 tumour cell 
lines were induced in wild-type (BALB/c) mice with fully functional immune systems (Figure 
14). The model with free parameters a, representing interaction rate between tumour cells and 
T cells, and b, representing the infiltration rate of T cells into the tumour, was fitted to the 
obtained tumour growth curves. All other parameters were kept fixed to the values from Table 
5, including the measured values of k and Cmax. The exception was the parameter PD1occup 
describing the effect of anti-PD-1 immunotherapy, which was set to zero. The obtained results 
were a = (1.59 ± 0.04) × 10-8 day-1, and a = (0.45 ± 0.18) × 10-8 day-1, for 4T1 and CT26, 
respectively. The obtained infiltration rates were b = (2.24 ± 1.19) × 10-2 day-1, and b = (0.46 ± 
0.41) × 10-2 day-1, for 4T1 and CT26, respectively.    
Figure 13: Untreated tumour growth in nude mice (mice strain lacking T cells). Left: 4T1 mammary carcinoma, right: 
CT26 colon carcinoma. Markers represent tumour growth data of individual mice. The dashed thick line represent population
fit to the data, while the thin lines represent individual fits. Fitting was performed using non-linear mixed-effects regression 
model, where k and Cmax were the parameters fit, while all immune-related parameters (a, b, l, d) were set to 0. 
Figure 14: Untreated tumour growth in wild-type mice (mice strain with fully functional immune system). Left: 4T1 
mammary carcinoma, right: CT26 colon carcinoma. Markers represent tumour growth data of individual mice. The dashed 
thick line represent population fit to the data, while the thin lines represent individual fits. Fitting was performed using non-
linear mixed-effects regression model, where a and b were the parameters fit, while all other parameters were kept to the
values from Table 5, except the parameter PD1occup (describing the effect of anti-PD-1 immunotherapy), which was set to 0.
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Comparison of tumour growth curves in Figure 13 (nude mice) and Figure 14 (wild-type mice) 
clearly shows that the effect of the immune system can be significant even if the tumour is not 
being treated. All nude mice bearing 4T1 mammary carcinoma were sacrificed on day 17 
(tumour volume reached 300–350 mm3) (Figure 13, left), while while-type mice bearing the 
same tumour type were sacrificed between days 20–23 (Figure 14, left). Similarly, nude mice 
bearing CT26 colon carcinoma were sacrificed between days 10–12 (Figure 13, right), while 
wild-type mice bearing CT26 tumours were sacrificed between days 12–18 (Figure 14, right). 
4.3.4 Growth of tumours receiving anti-PD-1 immunotherapy and 
sensitivity analyses 
The last series of in vivo experiments were performed to validate the model’s ability to predict 
responses of 4T1 and CT26 tumours to anti-PD-1 immunotherapy. Ultimately, to study which 
of the measured tumour characteristics has the major impact on tumour response or resistance 
to anti-PD-1 immunotherapy, we performed sensitivity studies of the parameters and initial 
conditions obtained by previous experiments (k, Cmax, a, b, and the initial number of tumour 
cells in the resistant subpopulations C3 (t = 0), and C4 (t = 0)). 4T1 and CT26 tumours were 
induced in wild-type (BALB/c) mice which received daily anti-PD-1 immunotherapy (50 µg 
i.p.) once the tumour volume reached 35–40 mm3. Model predictions were generated with fixed 
parameters, which are summarised in Table 5 (none of the parameters was fitted to this set of 
experimental data). The results of 4T1 and CT26 tumours are presented in Figure 15 and Figure 
16, respectively. 
The experiments revealed that 4T1 tumours were mostly insensitive to anti-PD-1 
immunotherapy. Although the growth of tumours treated with anti-PD-1 immunotherapy 
(Figure 15) was delayed compared to the untreated tumours (Figure 14, left), none of the 4T1 
tumours demonstrated CR. The predictions of our model also suggested that anti-PD-1 
immunotherapy should not have been effective in 4T1 tumours. Finally, the sensitivity analyses 
revealed that modulation of the aforementioned parameters and initial conditions by ± σi 
resulted only in accelerated or delayed tumour growth, while the general trend (insensitivity to 
anti-PD-1 therapy) was preserved. 
On the other hand, the observed response to anti-PD-1 immunotherapy of CT26 tumours was 
dichotomous (Figure 16). Two of six tumours were insensitive to anti-PD-1 immunotherapy, 
while four tumours responded well to therapy (three tumours completely disappeared, and one 
tumour responded with long term stable disease with tumour volume below 50 mm3). The 
predictions of our model suggested an initial delay of tumour growth with a subsequent 
regrowth, which was not observed experimentally (Figure 16). However, sensitivity studies 
demonstrated that the outcome of the therapy might be highly dependent on two specific 
parameters. First, the model was very sensitive to parameter b, describing the infiltration rate 
of T cells into the tumour (Figure 16, middle right). If the parameter b was decreased by one 
standard deviation (b = μb - σb), the predicted delay in tumour growth disappeared, which 




Figure 15: Growth of 4T1 tumours receiving anti-PD-1 immunotherapy and sensitivity analyses. Markers represent 
tumour growth data of individual mice. Solid line represents model prediction using mean parameter values μi from Table 5. 
Dashed lines represent sensitivity studies where the mean value μi of i-th parameter was increased for one standard deviation 
σi. Dotted lines represent sensitivity studies where the mean value μi of i-th parameter was decreased for one standard deviation 
σi. Top left: k sensitivity study, top right: Cmax sensitivity study, middle left: a sensitivity study, middle right: b sensitivity 




Figure 16: Growth of CT26 tumours receiving anti-PD-1 immunotherapy and sensitivity analyses. Markers represent 
tumour growth data of individual mice. Solid line represents model prediction using mean parameter values μi from Table 5. 
Dashed lines represent sensitivity studies where the mean value μi of i-th parameter was increased for one standard deviation 
σi. Dotted lines represent sensitivity studies where the mean value μi of i-th parameter was decreased for one standard deviation 
σi. Top left: k sensitivity study, top right: Cmax sensitivity study, middle left: a sensitivity study, middle right: b sensitivity 
study, bottom left: C3 (t =0) sensitivity study, bottom right: C4 (t =0) sensitivity study. 
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Secondly, the modulation of the initial condition C4 (t = 0), describing the initial fraction of the 
resistant MHC-I- PD-L1- tumour cell subpopulation, was the only way to explain the observed 
favourable responses to anti-PD-1 immunotherapy (Figure 16, bottom right). Such responses 
were possible only if C4 (t = 0) was equal to 0, describing the scenario with no resistant MHC-
I- tumour cells in the injected tumour cell population (C3 was always equal to 0 in CT26). It 
could be a plausible scenario in reality because, in our flow-cytometric measurements (Table 
6) of CT26, we detected the MHC-I- PD-L1- tumour cell subpopulation only in one of five cases 
(Table 6, CT26, Measurement 1), and MHC-I- PD-L1+ in zero of five cases. 
4.4 Discussion 
This study was designed to explore the question, why the majority of patients still fail to respond 
to anti-PD-1 immunotherapy. To identify tumour characteristics associated with treatment 
failure, we developed a computational model capable of simulating tumour response to anti-
PD-1 immunotherapy, which was validated with on-site in vitro and in vivo experiments. 
The computational model used in this work is an extension of our previous computational 
modelling of anti-PD-1 immunotherapy, where we identified MHC class I expression and, 
conditionally, programmed-death-1 ligand (PD-L1) expression on tumour cells as possible 
biomarkers of response to anti-PD-1 immunotherapy (see Chapter 3). This motivated us to 
measure the expression of these proteins on tumour cell membranes experimentally using flow 
cytometry. The ability of flow cytometry to measure the expression of both proteins (MHC 
class I, and PD-L1) on each individual tumour cell simultaneously, led us to modify the 
previous model to describe the physical reality better. In the previous model, we assumed only 
one group of tumour cells. Their elimination due to interaction with the immune system (as 
well as vice versa) was, among other, proportional to the fraction of tumour cells expressing 
MHC class I and proportional to the fraction of tumour cells (not) expressing PD-L1. Thus, 
MHC class I and PD-L1 expression were model parameters regulating the strength of the 
immune response. Unlike the previous model, in the current study we assumed (consistently 
with our flow-cytometric measurements) four different groups of tumour cells (MHC-I+ PD-
L1+, MHC-I+ PD-L1-, MHC-I- PD-L1+, and MHC-I- PD-L1-). MHC class I and PD-L1 
expression were incorporated in the model as initial conditions, quantifying the number of cells 
in each tumour cell subpopulation at time t = 0. Although it may seem like a minor modification 
of the model, it reflects an important conceptual difference. Namely, the two tumour cell 
subpopulations with negative MHC class I expression (MHC-I- PD-L1+, and MHC-I- PD-L1-) 
are now assumed to be intrinsically resistant, because MHC-I- tumour cells cannot be 
recognised by T cells [144]. Therefore, they are allowed to proliferate unrestricted by the T cell 
response. Such type of resistance was not modelled in Chapter 3, where, according to the model 
equations, all tumour cells could be eventually eliminated if the T cell response was strong 
enough. 
The existence of such resistant subpopulations of tumour cells (confirmed by flow cytometry) 
and their significant impact on the results of simulations (as shown in sensitivity analyses) are 
the major findings of this study. Although the measured fractions of MHC-I- subpopulations at 
t = 0 were very low (order of magnitude 0.01–0.1 %) (Table 6), the results of simulations 
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showed that even such small amount of resistant tumour cells was sufficient to ultimately 
prevail in the latter stages of tumour growth due to the immune selection pressure [176]. Flow-
cytometric analysis of both cell lines (4T1 mammary carcinoma, and CT26 colon carcinoma) 
revealed that MHC-I- tumour subpopulations are more likely to be present in the initial 
population of 4T1 compared to the CT26, in which we detected MHC-I- PD-L1- subpopulation 
only in one of five measurements, and MHC-I- PD-L1+ subpopulation in zero of five 
measurements (Table 6). This might explain why complete responses to anti-PD-1 
immunotherapy were observed only in CT26 cell line (Figure 16). The results of sensitivity 
analyses also suggested a hypothesis that complete response to anti-PD-1 immunotherapy might 
be possible only in the case of homogeneous MHC-I+ tumours, where all tumour cells present 
their antigens via MHC class I (C3 = C4 = 0). An interesting future study would be to surgically 
excise the responding CT26 tumours slightly before they disappear and flow-cytometrically 
analyse MHC class I expression of the individual tumour cells.  
In reality, this hypothesis might be less stringent because MHC-I- tumour cells can be 
recognised and eliminated by NK cells, which function in a non-MHC-restricted fashion and 
are not included in our model [190,191]. NK cells could have been included in the model similar 
to T cells, except that they would have interacted only with MHC-I- tumour cell subpopulations, 
but at the cost of additional free parameters. However, NK cells are also known for their poor 
ability to infiltrate solid tumours; therefore, their exclusion from our current model was 
reasonable [192]. Additionally, tumour cells have developed several strategies to avoid NK 
immune surveillance. For example, tumour cells can inhibit NK cells via PD-1/PD-L1 pathway 
(similar to the interaction with T cells), secrete different cytokines (e.g. transforming growth 
factor-beta (TGF-β), and kynurenine) which downregulate NKG2D – the main activating 
receptor on NK cells, or alternatively, shed MHC class I polypeptide-related sequences A and 
B (MICA, MICB) from the tumour cell surface, normally acting as ligands for NKG2D [191]. 
Nevertheless, since our model highlights the importance of the resistant MHC-I- tumour cell 
subpopulations, even if initially present in a very small relative amount, one possible strategy 
to enhance the benefit of anti-PD-1 immunotherapy could be to combine anti-PD-1 
immunotherapy with NK cell-based immunotherapies (e.g. agonist antibodies, blockade of 
inhibitory receptors, and NK adoptive therapy) [193]. For example, one such combination 
therapy targeting both the innate (NK cells) and adaptive immune system (T cells), has shown 
promising results for treatment of relapsed follicular lymphoma [194]. Unfortunately, NK cell-
based immunotherapies are currently in the shadow of T cell-based immunotherapies, with the 
majority of them still being in the research phase.  
Another possible therapeutic approach, which has already been extensively studied and proved 
to be beneficial in some pre-clinical and clinical studies, is the combination of anti-PD-1 
immunotherapy (or other ICI) and radiotherapy [91]. Besides the direct cytotoxic effect, 
radiotherapy also promotes the release of tumour neoantigens via the special type of cell death 
termed “immunogenic cell death” [195]. Therefore, radiotherapy acts as an in situ cancer 
vaccine, which, in combination with anti-PD-1 immunotherapy, additionally enhances the 
immune response. However, based on the results of our simulations, we can speculate that an 
equally important beneficial effect of radiotherapy is the time- and dose-dependent increase of 
MHC class I expression, which was observed in the study by Reits and colleagues [90]. An 
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enriched number of tumour neoantigens alone would not be expected to be a sufficient 
prerequisite for successful combination therapy if tumour cells would not express functional 
MHC class I. In such case, the resistant MHC-I- subpopulations could ultimately prevail, 
similarly as they prevail in our simulations of anti-PD-1 monotherapy. 
The results of sensitivity studies of parameter b (infiltration rate of T cells into the tumour) in 
the case of CT26 cell line (Figure 16, middle right) are interesting as well. The high sensitivity 
of the parameter b can explain the behaviour of two tumours, which did not respond to anti-
PD-1 therapy at all (Figure 16). According to our model, in these two cases, infiltration of T 
cells into tumour was too weak to observe at least an initial delay in tumour growth, which was 
predicted by the simulations performed with average parameter values. In general, high 
sensitivity of parameter b in CT26 is a consequence of relatively high standard deviation of 
parameter b (σb), obtained by fitting the model to the growth curves of untreated tumours in 
wild-type mice (Figure 14, right). Growth of these tumours was surprisingly variable among 
the six examined mice. From these results, we can speculate that intrinsic growth of CT26 
tumours, as well as the response to anti-PD-1 therapy, also depends on some random biological 
effects associated with infiltration of T cells, possibly on randomness in vasculature structure 
development, or spatial accumulation of immune suppressive cells in the tumour 
microenvironment (e.g. Treg [196], and MDSC [197]). 
Tumour responses to anti-PD-1 immunotherapy most likely depend on many other (known or 
unknown) biological phenomena not included in our (intentionally) simplistic computational 
model, which remains the main limitation of our work. However, our future aim is to build 
more complex models hand in hand with new in vitro or in vivo experiments to avoid additional 
free parameters. A high number of free parameters usually makes the model prone to 
overfitting, and consequently reduces its predictive power. Therefore, in our view, this study 
represents an exemplary case of in-depth collaboration between the researchers in immuno-
oncology developing computational models, and the researchers working in pre-clinical and 
clinical settings. Such collaborations are absolutely necessary for translating computational 












5 An imaging-based top-down model of anti-PD-1 
immunotherapy 
5.1 Motivation 
The mechanistic bottom-up models presented in Chapters 3 and 4 were proven to be valuable 
tools for providing clues about possible tumour characteristics that drive response to anti-PD-1 
immunotherapy. However, a sufficient amount of experimental data is a necessity to ensure the 
reliability of such models. While in pre-clinical settings, it is possible to conduct a plethora of 
different experiments, which are needed to support bottom-up model development, things 
become more complicated in clinics. Each additional examination can be stressful for cancer 
patients; moreover, some experiments which are possible to conduct in pre-clinics can even be 
unethical to perform in humans (e.g. assessing growth rates of untreated tumours). Therefore, 
when aiming to model clinical scenarios, one is most often limited to sparse clinical data 
obtained in the context of the routine clinical practice. In such cases, data-driven top-down 
models, such as radiomics analysis-based models, become advantageous.   
For the top-down model developed in this chapter, we focused on lung cancer patients, because 
despite the advances in treatment, the prognosis for these patients has been poor with a 5-year 
survival rate around 15% [198]. However, a new hope has come with the development of anti-
PD-1 immunotherapy [199]. In NSCLC, which represents 85% of all lung cancer cases, 
treatment outcomes of anti-PD-1 immunotherapy are significantly better compared to 
conventional cytotoxic therapies. In selected patient populations, response rates can be over 
40% [61]. The responding patients usually achieve durable benefit and prolonged survival. 
Occasionally, even complete remissions of metastatic disease are observed, but unfortunately, 
such extremely favourable responses are in the minority. 
Due to possible unusual response patterns (e.g. pseudoprogression), treatment response 
assessment in immunotherapy is challenging [200]. The most routinely used methods are 
RECIST and its modification for use in immunotherapy (iRECIST), among others [114]. 
Although iRECIST was found superior to RECIST in identifying pseudoprogression, iRECIST 
is a late response assessment method, because anatomical changes observed on CT are usually 
delayed, and the suspicion of the progressive disease needs to be confirmed with an additional 
scan 1–2 months after the first assessment [201]. Importantly, studies have shown that none of 
the RECIST-based endpoints could be used as valid surrogates for the OS in anti-PD-1 trials, 
while the correlation of iRECIST-based endpoints with OS is yet to be explored [202,203]. 
Since the molecular tumour changes are known to appear faster compared to anatomical 
changes, several response assessment methods for use in immunotherapy, based on [18F]FDG 
PET/CT, have been proposed [204–207]. However, there is still a lack of sufficient evidence to 
infer, which method, if any, might be the most appropriate for the routine clinical use [208–
210]. 
Recently, research into the identification of new biomarkers for use in immunotherapy has 
increased. Various predictive and prognostic biomarkers of response have been identified, 
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including PD-L1 tumour proportion score (TPS), TMB, TIL density, mismatch repair 
deficiency, microsatellite instability, and gut microbiota [211,212]. However, the reports from 
different studies sometimes oppose each other; therefore, the current biomarkers need further 
validation [213]. Moreover, most of them require invasive biopsies and are impractical or too 
expensive for routine clinical use. In contrast, imaging biomarkers offer a non-invasive 
quantitative alternative. A few immunotherapy clinical studies have examined possible imaging 
biomarkers in NSCLC patients [209]. For example, three retrospective anti-PD-1 studies 
showed associations of pre-treatment SUVmaxwb (sum of maximum standardised uptake values 
(SUVmax) of all lesions) [214], SUVmax of the most avid lesion [215], and volumetric parameters 
(MTV, and TLG) [126], with NSCLC patient response as defined by RECIST. However, 
significant correlations of these features with OS were not observed. Thus there is still a 
substantial lack of research performed in this area for NSCLC patients. 
More specifically, there is also a lack of clinical studies in immunotherapy investigating 
possible imaging biomarkers obtained by radiomics analysis, especially based on [18F]FDG 
PET. See the review in Chapter 2 (Section 2.6). In most of these studies, data mining using a 
vast number of features (up to 5865) was performed to build multivariate radiomics signatures 
containing up to 68 features. While such approaches might allow for more precise quantification 
of tumour characteristics, these types of predictive models can be prone to overfitting and are 
likely too complex and non-intuitive for a successful clinical translation. Moreover, it is also 
well known that many radiomics features are not suitable candidates for biomarkers, due to 
other factors such as excessive test-retest variability [216].  
Our prospective study aimed to investigate tumour characteristics that drive metastatic NSCLC 
patient response to anti-PD-1 immunotherapy with an imaging-based top-down model, based 
on radiomics analyses of [18F]FDG PET scans (iRADIOMICS), and to determine whether 
iRADIOMICS predicts response to anti-PD-1 immunotherapy better than the current routinely 
used clinical standards (PD-L1 immunohistochemistry,  and iRECIST). To overcome the 
aforementioned pitfalls, we deliberately analysed only a small subset of radiomics features, 
which were previously proven to be robust and reliable according to test-retest variability [216], 
and built iRADIOMICS with a minimum number of features. The work presented in this 
chapter was published as a research article in Radiology and Oncology (Association of 
Radiology and Oncology) [217].  
5.2 Patients and Methods 
5.2.1 Patients 
Thirty consecutive patients who met the following inclusion criteria were enrolled from January 
2017–March 2019 at the Institute of Oncology Ljubljana (Slovenia): ≥ 18 years old, 
cytologically or histologically confirmed stage IV NSCLC (8th TNM classification of the 
International Association for the Study of Lung Cancer), no history of other malignancies, PD-
L1 TPS > 1% (assessed by a validated immunohistochemistry assay), Eastern Cooperative 
Oncology Group criteria (ECOG) performance status 0–2. Enrolment required approval of the 
multidisciplinary tumour board that the patient was a candidate for treatment with 
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pembrolizumab. The study (NCT04007068) was approved by the institutional review board 
committee and the national ethics committee (KME 117/02/17). All patients gave informed 
consent to participate. 
5.2.2 Study protocol  
All patients underwent standard diagnostic procedures, including clinical examination and 
blood tests. Baseline [18F]FDG PET/CT was performed ≤ 4 weeks before treatment, and follow-
up [18F]FDG PET/CTs were performed 1 month (± 5 days) and 4 months (± 14 days) after 
treatment initiation. Patients were treated with pembrolizumab until progression, clinical 
benefit, or unaccepted toxicities. Pembrolizumab dosage was 2 mg/kg or 200 mg/patient 
(depending on the guidelines at the time of treatment), intravenously, every three weeks (q3w). 
Patients could also receive palliative radiotherapy in case of symptomatic lesions. Such 
treatment intervention required approval of the multidisciplinary tumour board.  
5.2.3 Imaging acquisition and analysis 
Patients fasted for at least 6 hours before intravenous application of 3.7 MBq/kg [18F]FDG and 
remained seated or recumbent for 60 minutes. Data acquisition was performed on a Biograph 
40 mCT (Siemens Healthcare, Erlangen, Germany) with the following parameters: CT (tube 
current 100 kV, tube voltage 80 mAs, Care dose 4D and Care kV dose modulation, collimation 
16 × 1.2 mm, pitch 1.2, reconstruction using 3 mm slice thickness in 2 mm increment, 
abdominal window, B40f kernel), [18F]FDG PET (acquired from skull base to mid-thigh, 2 
minutes per bed position, reconstruction using TruX + TOF (UltraHD-PET) algorithm, 2 
iterations per 21 subsets, matrix size 200 × 200, 3 mm slice thickness, 2.5 mm pixel size). Two 
physicians segmented the lesions semi-automatically in 3D Slicer using SUV > 4.0 g/ml as the 
threshold. The segmentations were then examined by an experienced radiologist and, if 
necessary, manually edited. The radiologist also performed iRECIST assessment. All 
researchers involved in tumour segmentations were blinded to the outcome of the study.  
5.2.4 Feature extraction  
At first, eight [18F]FDG radiomics features were extracted from primary tumours, including 
three volume-based features (volume, maximum standardised uptake value  (SUVmax), and total 
SUV (SUVtotal)) and five texture-based heterogeneity features, derived from Grey-Level Co-
occurrence Matrix (GLCM) (Sum Entropy, Entropy-GLCM, and Difference Entropy) and 
Grey-Level Run Length Matrix (GLRLM) (Small Run Emphasis (SRE) and Run Percentage) 
[218,219]. Importantly, these five texture-based features were deliberately chosen, because they 
were identified as very robust and reliable, based on test-retest variability in a prospective 
multicentre study of NSCLC tumours imaged with [18F]FDG PET/CT [216]. Feature definitions 
and their intuitive explanations are summarised in Table 7. Feature extraction was performed 
using in-house software, see references [220–222]. Briefly, features were extracted using a 
voxel-based method. The image was discretised into 256 grey levels. For each voxel, the feature 
was calculated over a 5 × 5 voxel patch in axial, coronal, and sagittal planes, and averaged over 
the three planes for each voxel. The final feature was calculated by averaging over all voxels. 
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After examining the correlation between features using the Pearson correlation coefficient, we 
excluded SUVtotal and Run Percentage from further analysis, because they were too closely 
correlated with other features (Figure 17). 
Table 7: Definition of radiomics features. Vvox … the volume of one voxel, nvox … the total number of voxels in the ROI, SUV 
(j)… SUV value of j-th voxel, Ng… the number of distinct grey levels in the patch, GLCM(i,j)… (i,j)-th entry in the normalised 
grey level co-occurrence matrix, 	 ∑ , ; ∈ 2,3,… ,2 	, 
	∑ , ; ∈ 0,1, … , 1| | , GLRLM(i,j)… Grey Level Run Length Matrix (also called Grey Level Zone-Size 
Matrix) representing a run-length j and grey level i, Nr,tot … the total number of runs in the patch, Nr,max … maximum run 
length, Np …the total number of pixels in the patch. 












 Volume ∙  
Also called Metabolic Tumour 
Volume (MTV). It represents the 
volume of the delineated lesion. 
SUVmax max→  Maximum SUV within the lesion. 
SUVtotal ∙  
It is also called Total Lesion 
Glycolysis (TLG). It represents 
the sum of SUV values within the 














Sum Entropy ∙  
It is also called GLCM Sum 
Entropy. It is a measure of 
disorder in relation to the 
distribution of the sum of co-
occurring pixels in the image 
[223].  
Entropy-GLCM , ∙ log	 ,  
It is a measure of the degree of 
the disorder among pixels in the 
image. Entropy-GLCM should be 
lower for images with a lower 
number of grey levels [223]. 
Difference Entropy ∙  
It is also called the GLCM 
Difference Entropy. It is a 
measure of disorder in relation to 
the distribution of the difference 
of co-occurring pixels in the 
image [223].   





It is also called Short Run 
Emphasis or Small Zone-Size 
Emphasis. It divides each run-
length value by the length of the 
run squared, emphasizing short 
runs. SRE should be higher for 
finer textures [224]. 
Run Percentage ,  
It is also called Zone-Size 
percentage. It is a ratio of the 
total number of runs to the total 
number of possible runs if all 
runs had a length of one. Run 
percentage should be lower for 





5.2.5 Statistical analyses  
The response was defined based on OS, the gold standard end-point in immunotherapy [203]; 
therefore, OS was the primary outcome measure in our study. OS was defined as the time from 
initiation of pembrolizumab until death from any cause. Patients with OS > 14.9 months were 
defined as responders. The selected threshold was median OS in the multicentre KEYNOTE-
10 study (a subgroup of NSCLC patients with PD-L1 TPS > 50%, treated with pembrolizumab 
dose 2 mg/kg)) [6]. Although the inclusion criterion in our study was PD-L1 TPS > 1%, the 
majority of patients (26/30, 87%) had PD-L1 TPS > 50%, resulting in comparable median OS 
(15.95 months). 
Mann-Whitney U-test and Fisher exact test were used to investigate the differences in radiomics 
features and demographic data between the responders and non-responders. ROC curve analysis 
was used to assess the predictive power of each radiomics feature. Univariate and multivariate 
Cox proportional hazards (Cox PH) regression analyses were used to study the relationship 
between the radiomics features and OS. A multivariate Cox PH model was constructed utilizing 
forward selection, considering univariate predictors of level p < 0.05. The results of the variable 
selection procedure were confirmed using backward selection based on the Akaike Information 
Criterion (AIC). Since the hazard ratio depends on the unit of the measurement, all radiomics 
features were normalised into z-scores [225]. Probability of OS as a function of time was 
analysed with Kaplan-Meier diagrams, and the difference between survival curves was tested 
with the log-rank test.  
Figure 17: Correlation matrix of all radiomics features. Pearson correlation coefficient (ρ) was calculated to assess the 
correlation between the radiomics features. 
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iRADIOMICS, iRECIST, and PD-L1 signatures were constructed using univariate or 
multivariate logistic regression analyses. The iRADIOMICS signatures consisted of the most 
promising radiomics features. The iRECIST signature consisted of one categorical variable, 
with five ordered iRECIST response categories [114]. The predictive power of each model was 
assessed by calculating the AUC of the corresponding ROC analysis. The accuracy of each 
model (percentage of correctly classified patients) was assessed with repeated (10×) 5-fold 
cross-validation so that the patients were randomly split into five groups: at each validation 
step, four unique groups were chosen to train the model, and the remaining group was used to 
validate the accuracy of model predictions.  
A planned sample size of 30 evaluable patients was deemed to be sufficient for evaluating the 
predictive power of each model. Specifically, assuming an anticipated response rate of 50%, a 
sample size of 30 evaluable patients provided >85% power to detect an AUC of at least 0.80 
(high predictive power) at the two-sided 0.05 significance level under the null hypothesis that 
the AUC is at most 0.5. All analyses were performed in R (version 3.5.3.) and were considered 
statistically significant if p < 0.05.  
5.3 Results 
5.3.1 Patient demographic and clinical data  
Thirty patients were enrolled in the study. Median follow-up time (time to censoring) was 21.4 
months. A full list of demographic and clinical characteristics is presented in Table 8. The 
examination of demographic and clinical data did not reveal any significant differences between 
the responders and non-responders. 
Table 8: Patient demographic and clinical data. The data are presented for all patients, responders (OS > 14.9 months), and 
non-responders (OS < 14.9 months). The reported p-value is the result of Mann-Whitney U-test (MWU) (continuous variables) 









(OS < 14.9 months) 
median (range) 
p-VALUE 
Number of patients 30 16 14 
Age [years] 65 (46–77) 67 (48–76) 61 (46–77) 0.298 
PD-L1 TPS [%] 75 (3–100) 77.5 (3–100) 75 (10–100) 0.933 
Sex  0.715 
Female 15 9 6 
Male 15 7 8 
Histology  0.532 
Adenocarcinoma 17 8 9 
Squamous Cell Carcinoma 8 4 4 
Other 5 4 1 
Smoking Status  0.672 
Never 1 0 1 
Former > 3 years ago 12 7 5 
Former < 3 years ago 5 3 2 
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Until current disease 8 3 5 
Current smoker 4 3 1 
ECOG  0.162 
0 8 2 6 
1 18 12 6 
2 4 2 2 
Line of Treatment (Immunotherapy)    0.096 
1st 15 10 5  
2nd 13 4 9  
3rd 2 2 0  
Palliative RT during treatment  0.657 
No 24 12 12 
Yes 6 4 2 
 
5.3.2 Individual radiomics features as predictors of overall survival 
We analysed radiomics features extracted from primary tumours at baseline, month 1, and 
month 4. Two patients did not have primary tumours, excluding them from this analysis (N=28). 
The analyses of the features extracted at baseline are presented in Table 9 and Figure 18. Neither 
standard volume-based features (volume, SUVmax) were able to discriminate responders from 
non-responders. Among the texture-based features, Entropy-GLCM (p = 0.046) and Small Run 
Emphasis (SRE) (p = 0.001) were found to be significantly different between the two groups. 
ROC curve analysis revealed SRE had a high level of predictive power (AUC = 0.85 (95% CI 
0.69–1.00)), while the predictive power of other features was moderate (0.6 < AUC < 0.8). 
At month 1, only volume was significantly different between the responders and non-
responders (p = 0.035, AUC = 0.75 (0.55–0.95)), while none of the radiomics features reached 
high level of predictive power (AUC < 0.8).  At month 4, none of the features was significantly 
different between responders and non-responders, and all radiomics features had AUC < 0.7. 
To further explore the impact of baseline radiomics features on OS, we performed Cox 
proportional hazards (Cox PH) regression analysis (Table 10). In univariate analysis, volume 
(hazard ratio (HR) = 1.6, p = 0.015), Difference Entropy (HR = 0.62, p = 0.037), and SRE (HR 
= 0.46, p = 0.007) showed a statistically significant relationship with patient OS. Multivariate 
Cox PH regression model with the lowest AIC consisted of Difference Entropy (HR = 0.54, p 
= 0.026) and SRE (HR = 0.39, p = 0.006). As shown in Figure 17, SRE and Difference Entropy 
also exhibited low correlation (ρ = 0.20), confirming that these two features were independent 
predictors of survival. 
For the feature SRE, which was found to be the most informative in all statistical tests, we 
performed Kaplan-Meier survival analysis for baseline SRE where patients were dichotomised 
by the median (Figure 19). Survival probability was significantly different between groups (p 
= 0.015). The median OS of the patients with SRE < SREmedian was 10.4 months (95% CI 6.0 
months–not reached). In contrast, the median OS of the patients with SRE ≥ SREmedian was not 
reached (95% CI 15.9 months–not reached). 
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Table 9: Baseline radiomics features of primary tumours – Mann-Whitney U-test (MWU) and receiver operating 
characteristic (ROC) curve analysis.  Patients were dichotomised into 2 groups: responders (OS > 14.9 months) and non-
responders (OS < 14.9 months). For each radiomics feature median value, range, the p-value of MWU, and the AUC with the 
corresponding 95% CI are reported. See also Figure 18. 
FEATURE 
RESPONDERS 
(OS > 14.9 months) 
median (range) 
NON-RESPONDERS 




AUC (95% CI) 
Volume [cm3] 27.9 (2.64–351) 44.4 (7.81–792) 0.098 0.69 (0.49–0.89) 
SUVmax [g/ml] 20.6 (5.21–32.1) 15.6 (9.54–37.0) 0.185 0.65 (0.43–0.87) 
Sum Entropy 3.69 (3.53–3.77) 3.7 (3.54–3.76) 0.387 0.60 (0.38–0.82) 
Entropy-GLCM 4.07 (3.99–4.15) 4.11 (4.03–4.14) 0.046 0.72 (0.52–0.92) 
Difference Entropy 2.98 (2.74–3.07) 2.89 (2.74–3.06) 0.080 0.70 (0.49–0.90) 
Small Run Emphasis (SRE) 0.0382 (0.00962–0.0615) 0.0163 (0.00854–0.0303) 0.001 0.85 (0.69–1.00) 
Figure 18: Baseline radiomics features of primary tumours – ROC curve analysis. For each radiomics feature, the AUC
with the corresponding 95% CI is reported. AUC of 0.8 or above indicates a high level of predictive power, while an AUC of
0.6 or less indicates poor level of predictive power. 
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Table 10: Baseline radiomics features of primary tumours – univariate and multivariate Cox proportional hazards 
regression analysis (Cox PH). For each radiomics feature, the hazard ratio (HR), corresponding 95% CI, and the p-value of 
univariate analysis are reported. The 2-variable multivariate regression model was chosen based on the Akaike information 
criterion (AIC). All radiomics features were normalised into z-scores to achieve comparable HRs. 
FEATURE 
UNIVARIATE 




HR (95% CI) 
MULTIVARIATE 
p-value 
Volume 1.6 (1.1–2.4) 0.015   
SUVmax 0.77 (0.46–1.3) 0.320   
Sum Entropy 0.96 (0.60–1.5) 0.860   
Entropy-GLCM 1.4 (0.82–2.3) 0.230   
Difference Entropy 0.62 (0.40–0.97) 0.037 0.54 (0.31–0.93) 0.026 



















5.3.3 The ability of iRADIOMICS, iRECIST, and PD-L1 signatures to 
predict overall survival 
Finally, we examined the predictive power of iRADIOMICS (baseline), iRECIST (month 1 and 
4), and PD-L1 (baseline) signatures. Twenty-five patients, which had both baseline and month 
1 scans available, were suitable for this analysis. Two patients were excluded because they had 
no primary tumours (impossible to extract iRADIOMICS), and three other patients had no 
month 1 scan (impossible to assess iRECIST). For the three additional patients, who died before 
the scheduled month 4 scanning, we used the month 1 iRECIST assessment for the construction 
of the month 4 iRECIST signature. Otherwise, the statistics of month 4 iRECIST signature 
could be biased due to the exclusion of hyperprogressive patients. The results are presented in 
Figure 20. PD-L1 TPS showed poor predictive power (AUC = 0.60 (0.37–0.83)). The AUC of 
Figure 19: Kaplan-Meier diagram – Small Run Emphasis (SRE). Blue: patients with SRE ≥ SREmedian, yellow: patients 
with SRE < SREmedian. The reported p-value is the result of log-rank test. 
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iRECIST signatures were 0.79 (0.62–0.95) and 0.86 (0.72–1.00) for month 1 and month 4, 
respectively. On the other hand, the AUC of the univariate iRADIOMICS at baseline was 0.81 
(0.62–0.99), which was comparable to iRECIST at month 1. The highest predictive power was 
achieved by the multivariate baseline iRADIOMICS (consisting of SRE and Difference 
Entropy) with AUC = 0.89 (0.76–1.00). Model coefficients of iRADIOMICS are summarised 
in Table 11. 
 
Table 11: Coefficients of iRADIOMICS logistic models obtained by logistic regression. Coefficient value (β) with 95% 
CI, standard error (SE), the result of the Wald χ2 test and p-value are reported for each model variable. Before the analysis, all 
features were normalised into z-scores. 
UNIVARIATE LOGISTIC MODEL (iRADIOMICS) 
VARIABLE β (95% CI) SE WALD χ2 p-value 
Intercept 0.317 (-0.677–1.51 ) 0.534 0.35 0.553 
Small Run Emphasis 1.73 (0.525–3.59 ) 0.755 5.23 0.022 
MULTIVARIATE LOGISTIC MODEL (iRADIOMICS) 
VARIABLE β (95% CI) SE WALD χ2 p-value 
Intercept 0.518 (-0.632–2.13) 0.657 0.62 0.430 
Small Run Emphasis 1.75 (0.331–4.04) 0.898 3.81 0.051 
Difference Entropy 1.03 (-0.048–2.47) 0.617 2.78 0.096 
Figure 20: Receiver operating characteristic (ROC) curve analysis. Dark blue: baseline iRADIOMICS multivariate logistic 
model (independent variables: Small Run Emphasis (SRE), Difference Entropy), yellow: baseline iRADIOMICS univariate 
logistic model (independent variable: SRE), grey: month 1 iRECIST univariate logistic model (independent variable: iRECIST 
response category), red: month 4 iRECIST univariate logistic model (independent variable: iRECIST response category), light 
blue: baseline PD-L1 TPS univariate logistic model. For each model, AUC and 95% CI are reported. 
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To further validate the predictive ability of all models, the accuracy of predictions was 
calculated using 5-fold cross-validation. PD-L1 TPS achieved poor accuracy of only 53% (SD 
= 18%). iRECIST signatures at month 1 and month 4 correctly classified 76% (16%) and 76% 
(17%) of patients, respectively. The accuracy of univariate iRADIOMICS at baseline was 
slightly lower, 73% (18%). The highest accuracy was achieved by multivariate baseline 
iRADIOMICS, which correctly classified 78% (18%) of patients.  
Additionally, we performed a sensitivity study by repeating the same analyses either with a 
subset of 22 patients, who were scanned at all three time-points (excluding hyperprogressive 
patients who died before month 4), or by using all available data at each specific time-point 
(resulting in different numbers of analysed patients at baseline, month 1 and month 4), but the 
change of the results was negligible. In each scenario, multivariate iRADIOMICS reached AUC 
around 0.90 with accuracy up to 80% and always performed better than the other models. 
5.4 Discussion 
New biomarkers of response to immunotherapy are urgently needed. In NSCLC, PD-L1 TPS 
is still the only predictive biomarker routinely used in clinics, despite the growing evidence 
suggesting that it is far from optimal [226]. Among the reasons for its questionable predictive 
power are inconsistent measurement methodologies, intra-tumour PD-L1 expression 
heterogeneity, and the fact that immune cells infiltrating the tumour can express PD-L1 [227]. 
Even in our study, the survival predictions based on PD-L1 TPS performed poorly. 
Additionally, because it is not clear to what extent the current standards for treatment response 
assessment (RECIST, iRECIST) correlate with OS, the duration of treatment, as well as the 
decision about the cessation of anti-PD-1 immunotherapy, rely on the subjective judgment of 
the treating physician, which is mainly based on the observed immune-related adverse events 
and achieved clinical benefit.  
We aimed to address these issues with the use of [18F]FDG PET/CT imaging since it is widely 
used, affordable, and non-invasive. When we examined the predictive ability of individual 
radiomics features, we found that some of the features showed high predictive power at 
baseline, while at month 1 and month 4 their informative value decreased significantly. This is 
consistent with many studies suggesting that intrinsic tumour characteristics, such as tumour 
histopathology, tumour microenvironment, and immune contexture, most likely have a major 
impact on response to immunotherapy [211,212,228]. The most dominant feature was Small 
Run Emphasis (SRE), which was able to discriminate responders from non-responders to anti-
PD-1 therapy. It had a significant relationship with patient OS and high predictive power. In 
patients with SRE > SREmedian, the probability of survival by Kaplan-Meier analysis was also 
significantly higher. Although studies have shown that texture-based features reflect tumour 
heterogeneity on a macroscopic, cellular, or even molecular or genomic level [229], their clear 
relationship with the underlying biology still needs to be elucidated. However, from the 
definitions of texture features used in our study we can infer that at baseline, primary tumours 
of responders have finer and more homogeneous metabolic structure, as reflected by higher 
SRE and lower Entropy-GLCM, respectively. See Table 7 for formal mathematical definitions, 
as well as intuitive descriptions of the studied texture features. In terms of the underlying 
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biology, we speculate that these findings might reflect tumours with spatially more 
homogeneous clonal structure, more homogeneous intrinsic infiltration of immune cells, more 
homogeneous tumour microenvironment, or fewer hypoxic or necrotic regions. All these 
macroscopic biological properties could also be indirectly associated with homogeneity of 
tumours on the cellular level, for example, in MHC class I expression, which is in agreement 
with model predictions from Chapter 4. However, associations between tumour properties on 
cellular and molecular level and the observed tumour phenotype on the macroscopic level need 
clarification in future studies. Interestingly, the findings of our study are in agreement with the 
study by Polverari and colleagues, where patients with PD exhibited higher tumour 
heterogeneity at baseline (reflected by higher kurtosis and skewness), compared to non-PD 
patients. On the other hand, the findings are at odds with the study by Mu and colleagues, where 
heterogeneous tumours presumably had a higher chance to achieve durable clinical benefit 
[128]. However, heterogeneous tumour phenotype in this study was inferred from two variables 
in the radiomics signature containing a total of eight variables, see Eq. 5. Furthermore, in 
agreement with the study by Takada and colleagues, we also observed the trend of higher 
SUVmax among the responding patients, although it was not statistically significant [215]. A 
similar lack of statistical significance of SUVmax, or even the opposite trend, was observed by 
other groups; therefore, the predictive value of SUVmax should be considered highly 
questionable [126,208,214]. 
We analysed only primary tumours yet neglected lymph nodes (LN) and distant metastases 
(DM). The main reason for this approach is that radiomics analyses might not accurately 
quantify intra-tumour heterogeneity of small lesions due to the partial volume effects, which 
can be even more pronounced in PET imaging with limited spatial resolution [230]. However, 
the inclusion of LN and DM in future predictive models could additionally improve their 
predictive power and accuracy. Especially an [18F]FDG PET signal of LN might be connected 
with the cancer immunity cycle, possibly capturing the processes that occur in LN after the 
initiation of anti-PD-1 therapy, including T cell priming and activation [231].  
The analysis of the predictive ability of iRECIST, PD-L1, and iRADIOMICS signatures 
revealed some interesting aspects. First, the response to anti-PD-1 therapy seems to occur fast, 
as iRECIST signature was able to predict the response of 76% of patients already at month 1, 
while the predictive ability at month 4 had not improved. These results suggest that treatment 
response assessment could be performed as soon as one month after treatment initiation, if not 
before. In many immunotherapy clinical trials, PET/CTs are performed every three months, 
which might not be optimal and could result in erroneous conclusions. Moreover, its 
satisfactory ability to predict OS indicates that clinical decisions about (dis)continuation of anti-
PD-1 therapy could (at least in part) rely on iRECIST assessment rather than purely on the 
observed clinical benefit. However, the correlation of other iRECIST-based endpoints with 
patient survival should be further explored.  
Lastly, the iRADIOMICS was found superior to PD-L1 and iRECIST both in terms of 
predictive power and, importantly, timing. From the clinical point of view, each additional 
month (or day) of an ineffective therapy can be crucial for metastatic NSCLC patients. The fact 
that the iRADIOMICS was able to correctly predict the response of almost 80% of patients 
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before therapy could have an important clinical impact. The predicted non-responders to 
pembrolizumab could be offered other treatment options to improve their OS. However, the 
predictive ability of iRADIOMICS needs to be confirmed in future independent studies with a 
higher number of patients. 
Our study compared the predictive power of baseline biomarkers (iRADIOMICS and PD-L1) 
to the early treatment response assessment method (iRECIST) – single point vs multiple point 
assessments. However, from a practical standpoint, the baseline prediction is more desirable 
than the treatment response assessment as it is earlier and allows more time for favourable 
clinical decision making. Potentially the two approaches could be combined, but such a study 
would require a higher number of patients to secure clinical significance because of more 








6 General discussion and future work 
The overall goal of this thesis was to investigate tumour characteristics that drive patient 
response to anti-PD-1 immunotherapy by using both mechanistic bottom-up and data-driven 
top-down approach to computational modelling (see Figure 1). While the standard trial-and-
error approach to clinical trials will most likely remain the primary and quintessential method 
for the near future, complementary methodologies, such as presented in this thesis, are crucial 
for managing the rapidly expanding field of cancer immunotherapy. The transition to the era of 
precision medicine will be difficult to accomplish without adopting these powerful, cost-
effective, and time-saving tools into clinical practice. In the concluding chapter, we will 
summarise the most important take-home messages of this thesis, the clues that emerged from 
the developed bottom-up and top-down models, and discuss, how these findings might affect 
future immunotherapy research, modelling, and clinical practice. 
6.1 General overview and guidelines for computational modelling 
in immunotherapy 
The use of computational modelling in oncology has a long history, and the number of 
publications on this topic is growing exponentially [232]. Although the field of cancer 
immunotherapy has long been in the shade of classical oncologic treatment modalities (e.g. 
surgery, radiotherapy, chemotherapy), computational modelling of the immune system and 
different types of immunotherapies has never been far behind the computational modelling of 
other cancer therapies. Moreover, the revolution in cancer treatment we have witnessed in the 
last decade, triggered by the rapid development and success of modern immunotherapies, 
represents an unprecedented opportunity for computational modelling to step to the fore and 
establish an equal partnership with other scientific disciplines involved in cancer 
immunotherapy research and clinical practice. But how far are we from reaching this goal? 
Despite numerous proposed computational models of modern cancer immunotherapy with ICI, 
it seems that most, if not all, have been primarily developed either for academic purposes or for 
the pharmaceutical industry to be used as cost-effective, fit-for-purpose, top-down tools for 
assessing the specific parameters of drugs’ PK and PD and the effects of different covariates 
on treatment outcome [75]. However, from the clinical perspective, the field is still in its 
infancy, since none of the computational models of cancer immunotherapy has yet shown 
sufficient predictive power, robustness, and reliability to be used as predictive tools or to guide 
treatment decisions – especially on the patient level. There are two main reasons why 
computational models are not ready for clinical use: (1) the extreme complexity of the immune 
system and current incomplete understanding of the biology of its underlying mechanisms, and 
(2) the inability to rigorously measure all essential model variables and parameters at the 
population- and patient-level. A key point one needs to consider, when developing 
computational models in oncology, was brilliantly highlighted in the paper by Brady and 
Enderling. Does the developed model serve the purposes and requirements of “mathematical 
oncology” or “oncological mathematics” [232]? While the motivation of mathematical 
oncology is to resolve specific questions in oncology with the help of mathematics, oncological 
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mathematics aims to develop interesting mathematics inspired by oncological problems. Both 
disciplines are important to widen the boundaries of science and are not mutually exclusive. 
However, from the perspective of clinics, which is aiming to enter the era of precision medicine, 
the rapid development of mathematical oncology should be of higher priority.  
In the short term, the easiest way to achieve the clinical translation of computational models of 
cancer immunotherapy might be to develop simple, data-driven top-down models, focused on 
narrow, specific, and well-defined clinical problems. In our review of the literature in Chapter 
2, we identified that such top-down models have primarily been developed by the 
pharmaceutical industry and were proven to be successful as complementary tools in clinical 
and pre-clinical trials, for example, to predict the minimum efficacious dose of ICI. On the other 
hand, several imaging-based top-down models of cancer immunotherapy, based on radiomics 
analyses, were developed by different academic institutions. These models were primarily 
based on radiomics analyses of CT scans and were found to be promising for predicting 
patient’s clinical benefit, treatment response, PFS, OS, irAE, tumour-immune phenotype, and 
other immunotherapy-related outcomes (see Table 2). However, none of the radiomics models 
has yet been validated to such an extent as to be useful in the clinical practice. As a first 
approximation, we could claim that currently, each research group has its own approach to 
radiomics analysis, uses its own feature extraction software, and exploits different feature 
selection algorithms. All published predictive models showed promising results, but 
unfortunately, none of them was prospectively tested on independent datasets by research 
groups from distinct institutions to confirm their generalizability. The latter is undoubtedly one 
of the prerequisites that need to be addressed to allow radiomics analysis to enter routine clinical 
practice. 
Since the access to high-quality experimental data is one of the major obstacles the modelling 
community constantly faces, the development of predictive, mechanistic bottom-up models, 
simulating various biological processes and interactions on different time and spatial scales, 
represents a greater challenge than the development of data-driven top-down models. Such 
mechanistic bottom-up models, if properly verified, can provide more in-depth insight into the 
mechanisms of action of cancer immunotherapy, and consequently generate model predictions 
with mechanistic rationale. Through the lens of clinical translation, an absolutely necessary 
prerequisite for a bottom-up approach to modelling cancer immunotherapy is a close 
collaboration between the researchers developing computational models and the pre-clinical 
and clinical researchers. Ideally, model development should be an iterative process, in which 
the computational model is used to guide the experiments required to measure model variables 
and parameters, and vice versa when experimental observations lead to further model 
adaptations – in a similar fashion as presented in Chapters 3 and 4 of this thesis. If model 
parameters cannot be measured, they can often be found in the existing literature. However, the 
search for literature-based parameters should be performed carefully and with scepticism, as 
modelling studies sometimes blindly refer to the parameters from other studies, and after a 
careful examination of the chain of citations, one realises that the parameter in question was 
actually assumed [232].  The aim of each model should be as specific as possible because each 
cancer has different intrinsic properties, and each immunotherapy agent has its own PK and PD 
properties. It is further complicated as each patient is unique. From the perspective of clinical 
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translation, it does not make much sense to model an arbitrary type of cancer in an unknown 
individual treated with an undefined immunotherapeutic. Importantly, the final model should 
not only be able to fit data but should also show satisfactory predictive power, which can be 
unambiguously verified in independent prospective studies. For example, prospective 
validation studies can be performed with different but well-known initial conditions, such as 
different doses or schedules of the studied immunotherapeutic. Furthermore, while modelling 
combination therapies is absolutely desirable, the validity of such models would most likely be 
questionable if separate validated predictive models of monotherapies have not been developed 
and tested. Interestingly, in Chapter 2, we identified more than twice as many mechanistic 
computational models of combined treatments compared to ICI monotherapies, although the 
predictive power of almost all models simulating ICI monotherapies must be taken with a grain 
of salt. 
When developing mechanistic bottom-up models of cancer immunotherapy, there is always an 
inevitable compromise between building simple, quantifiable models at the risk of losing 
predictive power due to an oversimplified physical reality; and capturing all possible details of 
the immune system biology at the risk of losing predictive power due to too many free 
parameters, possibly leading to overfitting. Therefore, the famous quote by John von Neumann: 
“With four parameters I can fit an elephant, and with five I can make him wiggle his trunk”, 
should always be taken into consideration. It seems that there is no single answer to the question 
about the optimal level of model complexity, as it depends on its purpose and the desired level 
of predictive ability. Through the lens of precision medicine, the complexity of the model 
should also accommodate the logistical requirements of daily routine use. Detailed QSP models 
could be appropriate for predicting the results of clinical trials on the population level by 
simulating the outcomes of virtual patient cohorts; however, at least ranges of model parameters 
in the patient population should be credibly assessed to allow for a reliable random sampling 
across the virtual population. On the other hand, simplistic bottom-up models consisting of a 
few ODE or PDE might be advantageous for predicting the results of immunotherapy 
treatments on the patient-level. Such models should focus on the identification and 
mathematical description of the few most important biological processes and interactions 
involved in patient response to the immunotherapy in question, and, ideally, all parameters 
should be measured in a patient-specific manner. If the model’s predictive ability is found 
insufficient due to the missing biology, the complexity of the model should be increased hand 
in hand with additional experiments. We had in mind all of the above when developing 
computational models presented in Chapters 3 and 4.  
6.2 MHC class I – a promising biomarker of resistance to anti-PD-
1 immunotherapy 
The most important suggestion that arose from our bottom-up modelling, as well as 
experimental investigations, is that MHC class I downregulation on tumour cell membranes 
might be one of the main drivers of resistance to anti-PD-1 immunotherapy. Therefore, MHC 
class I expression should be considered a promising biomarker of resistance, which deserves 
further attention in future pre-clinical and clinical trials. From the biological perspective, this 
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finding seems intuitively plausible, as anti-PD-1 immunotherapy primarily enhances the 
cytotoxic activity of T cells, while the T cells can recognise the target to attack only if target 
antigens are presented via MHC class I receptor [144,145]. Consequently, tumours containing 
tumour cell subpopulations with downregulated or impaired MHC class I pathway are not 
expected to respond to anti-PD-1 immunotherapy with complete remission, regardless of other, 
possibly favourable, biological characteristics. Namely, our simulations and experiments 
presented in Chapter 4 indicate that resistant MHC class I negative tumour subpopulations 
would sooner or later prevail in the tumour due to the Darwinian-like selection pressure, even 
if they are initially present in minimal amounts. If this hypothesis is rejected in future clinical 
studies, the field of immunology and immunotherapy might need to re-think the biology 
involved in anti-PD-1 immunotherapy, especially the current assumption that T cells are by far 
the most dominant anti-tumour effector cells in this kind of treatment. In this case, the role of 
other effector cells, which function in a non-MHC-restricted fashion, e.g. NK cells, should be 
taken into serious consideration [190,191]. It would also call for the inclusion of NK cells in 
future model adaptations, possibly leading to totally different modelling outcomes compared to 
those presented in this thesis. However, as already discussed in Chapter 4, any future extensions 
of the model should be strongly supported by experiments. If future extensions of the model 
contain two (or more) types of tumour effector cells, the experiments should be designed in 
such a way as to allow for decoupling and assessment of anti-tumour effects of each effector 
cell subpopulation. 
However, based on the current knowledge and our modelling results, an assessment of tumour 
MHC class I TPS would seem a logical patient examination, but there is a lack of clinical studies 
exploring this tumour characteristic as a possible biomarker of resistance to anti-PD-1 
immunotherapy. We did identify some experimental studies, which showed that mutations in 
genes encoding beta-2 microglobulin, a constitutive part of MHC class I receptor, could lead to 
resistance to anti-PD-1 immunotherapy, but the actual detection of this protein on tumour cell 
membranes was almost never performed in clinical studies [131,182–184]. It is especially 
surprising because such studies would be relatively easy to implement – simply by performing 
MHC class I immunohistochemistry on patient biopsies in addition to other clinical 
examinations. One such pilot study conducted in NSCLC patients treated with anti-PD-1 
immunotherapy, which confirmed our hypothesis, has been published recently [233]. The 
authors examined PD-L1 expression, TMB, TIL density, and MHC (HLA) class I expression 
in different combinations as possible predictive biomarkers of PFS and OS. They especially 
highlighted the added value of MHC class I when combined with other biomarkers. However, 
larger future studies are needed to confirm their results. 
6.3 iRADIOMICS – a promising imaging biomarker of response 
to anti-PD-1 immunotherapy, the impact of tumour 
homogeneity 
One of potential limiting factors to the predictive power of MHC class I TPS might be the small 
biopsy specimens which are usually taken from patients’ tumours, possibly not containing 
enough material to perform multiple tissue analyses. Furthermore, such small tissue samples 
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might, or might not be representative for a specific tumour. To overcome such problems, non-
invasive imaging biomarkers based on CT, PET, MRI, or other imaging techniques, which can 
examine a tumour as a whole, represent a critical advantage. One such novel imaging 
biomarker, iRADIOMICS, based on radiomics analysis of pretreatment [18F]FDG PET scans 
of metastatic NSCLC patients treated with pembrolizumab, was presented in Chapter 5. 
Even though the predictive ability of iRADIOMICS needs rigorous validation in future studies, 
it could be used as a complementary tool for guiding immunotherapy research in NSCLC 
already at this stage. For example, an interesting future clinical study would be to use the 
developed iRADIOMICS to identify candidates for non-responders before treatment to anti-
PD-1 immunotherapy. The proposed candidates for non-responding patients would then be 
randomly divided into two cohorts. One cohort would be treated with anti-PD-1 monotherapy 
as normally planned by the current clinical guidelines, while the other cohort would receive a 
combination of anti-PD-1 and chemotherapy (e.g. pemetrexed + platinum-based drug), which 
was shown to be effective in NSCLC patients in other studies [63]. The primary endpoint of the 
study would be to compare PFS and OS between both cohorts. Instead of chemotherapy, also 
any other systemic treatment, which showed efficacy as a combined treatment with anti-PD-1, 
could be used. The so designed study would be considered ethical even if it turned out in 
independent studies that the predictive value of iRADIOMICS was limited, as none of the 
patients would miss the treatment with anti-PD-1 immunotherapy.  
Although several radiomics studies reported associations of radiomics signatures with tumour 
phenotype, as well as with genotype [234], it would probably be too optimistic at this stage to 
hypothesise that iRADIOMICS directly reflects the aforementioned tumour properties, such as 
MHC class I TPS, PD-L1 TPS, or others. However, in future studies, it would also be interesting 
to examine whether any such correlation exists, as phenotypic tumour properties observed on 
the macroscopic level could also be the consequence of tumour properties on the cellular or 
molecular level. For example, studies have already shown the ability of radiomics analysis-
based models to predict tumour PD-L1 expression [235,236] and CD8 T cell infiltration [115]. 
Studies investigating the ability of radiomics analysis to predict tumour MHC class I expression 
have not been performed in any type of cancer yet. It would be reasonable to hypothesise that 
parts of the tumour containing MHC class I negative cells, which grow unrestricted by the 
immune response, might differ in metabolic and textural patterns if compared to its MHC class 
I positive counterparts. Nevertheless, by analysing the properties of two features, which are 
included in our multivariate iRADIOMICS signature (SRE, and Difference entropy), we found 
that patients with more homogeneous tumours should respond to anti-PD-1 immunotherapy 
better. A similar conclusion referring to tumour homogeneity also emerged from our bottom-
up modelling, which suggested that complete responses to anti-PD-1 immunotherapy could 
only be observed in the case of homogeneous tumours, consisting solely of MHC class I positive 
tumour cells. We are aware that the definition of homogeneity in both modelling approaches 
exploited in this thesis is different. However, it is exciting that both models came to a similar 




6.4 Future modelling framework 
In an attempt to elucidate associations between the underlying tumour biology and rationale for 
the predictive ability of iRADIOMICS more deeply, an interesting future work would be to 
merge the bottom-up and top-down approach into one single modelling framework as presented 
schematically in Figure 21. 
Figure 21: A proposed future modelling framework. 
First, it would be necessary to develop a 3-D mechanistic bottom-up model, which would use 
pre-treatment [18F]FDG PET scans of patients treated with anti-PD-1 immunotherapy as main 
inputs (together with other tumour biological characteristics), and then simulate spatio-temporal 
evolution of these PET scans to predict how a specific patient would respond to 
immunotherapy. Similar PET imaging-based modelling frameworks have already been 
developed in our research group in the past. Titz and colleagues developed two models: one to 
simulate tumour response to radiation therapy and the other to simulate tumour response to anti-
angiogenic treatments [237,238]. However, to build a similar bottom-up model of anti-PD-1 
immunotherapy, several challenges will need to be resolved.  
To use [18F]FDG PET scans as the primary input and output data, our bottom-up model 
presented in this thesis should first be transformed for use in the 3-D space. The easiest solution 
to start with would be to apply the proposed set of 1-D ODE to each voxel on the PET image 
and then simulate voxels independently of each other. However, since the extreme outcome 
scenarios of anti-PD-1 immunotherapy can either be a rapid tumour hyperprogression or a 
complete response (leading to rapid tumour growth or shrinkage, respectively), such 
independent voxel modelling would not be enough to obtain realistic simulated PET scans. 
Consequently, some sort of biomechanical connections between individual voxels will also 
need to be taken into account. A possible solution could be an implementation of biomechanical 
tumour growth and shrinkage module using finite-elements method modelling [239].  
Since our current model is designed to simulate the dynamics of the number of tumour cells, 
TILs, and dead tumour cells, the next challenge would be, how to assess the initial amount of 
cells in each voxel (or in other units of discretisation) from the [18F]FDG PET signal. In other 
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words, it would be necessary to establish an empirical mathematical relationship between the 
SUV value of the specific voxel and the number of tumour cells and TILs in that voxel, which 
is not a trivial task. Intuitively, one might infer that a higher SUV indicates a higher density of 
tumour cells. However, a higher metabolic activity (higher SUV) in a specific voxel can also 
be a sign of inflammation, therefore connected with a higher number of TILs. Unfortunately, 
there is a lack of specificity inherent to [18F]FDG such that uptake could indicate tumour cell 
metabolism or immune activation. A possible solution could be to additionally incorporate 3-
deoxy-3-[18F]fluorothymidine ([18F]FLT) PET imaging to the future clinical study protocol – a 
cellular proliferation surrogate [238]. Since the proliferation of T cells primarily occurs in the 
lymph nodes, and to a lesser extent at the tumour site, it might be possible to decouple the 
contribution of tumour cells and TILs by comparing the images obtained by both PET tracers. 
However, [18F]FLT is not a widely used radiotracer (compared to [18F]FDG); therefore, such 
study would be feasible only in some specific nuclear medicine research departments in which 
[18F]FLT PET examination is an established method.    
Another crucial step in the development of such a sophisticated 3-D computational model 
would be to measure as many model parameters as possible, preferably on the patient level, to 
reduce possible degrees of freedom and prevent overfitting. At least PD-L1 TPS and MHC class 
I TPS should be assessed on the patient level from patient biopsies. Assessment of TMB would 
also be highly desirable. Due to ethical reasons, the evaluation of Gompertzian parameters k 
and Cmax should be performed on the population level, for example, based on multiple time-
point (at least two) images of non-responding patients, or using images of some accidentally 
non-treated patients. Consequently, the cohort of patients in the study should be as 
homogeneous as possible in terms of tumour histology. For example, in NSCLC, intrinsic 
growth rates of adenocarcinomas are presumably different from those of squamous cell 
carcinomas. Overall, measurements of the necessary model parameters on the patient-level 
would represent some additional logistics challenges and issues. Still, in our opinion, such 
studies would certainly be feasible in clinical settings. Nevertheless, such measurements of 
patient-specific model parameters are absolutely necessary to develop credible models with 
satisfactory predictive power, which would be trusted by physicians, ultimately leading 
computational modelling closer to clinical practice. 
Finally, once such PET imaging-based bottom-up model is developed and verified, it would be 
possible to use it as a top-down approach by performing radiomics analyses on simulated PET 
scans and comparing the obtained results to radiomics analyses of the corresponding real-world 
clinical scans. If good agreements are observed, then such a modelling framework could be 
used to investigate how the underlying tumour biology is reflected in some specific radiomics 
features, and vice versa. For example, a plethora of different sensitivity studies could be 
performed, in which inter- and intra-tumour heterogeneity in various biological tumour 
properties could be modulated to investigate whether or not such biological changes could be 
detected in the resulting PET images and the corresponding radiomics analyses. It would allow 
for a better intuitive understanding of the impact of certain radiomics features, which constitute 
predictive radiomics signatures proposed in several studies. Such sensitivity studies would be 
especially important if deep learning-based radiomics is used in our future studies, instead of 
the conventional hand-crafted radiomics presented in Chapter 5 [113]. Because deep-learning-
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based radiomics algorithms can learn the features on their own, they function entirely as black 
boxes, in most cases without any understanding about the underlying biological rationale. A 
deeper understanding about the associations of radiomics features and the underlying biology 
is one of the critical issues to resolve in the future to convince physicians that radiomics models 
could be routinely used in clinical practice as reliable imaging biomarkers. 
6.5 Concluding remarks 
To sum up, an answer to the initial question “How far we are in reaching the goal?” would be: 
“We are certainly not there yet; however, the past and current efforts look promising.” 
Computational models of cancer immunotherapy undoubtedly carry the potential to accelerate 
future research and contribute to personalised cancer treatment through the paradigm of 
precision medicine. However, when developing such models, we always need to keep in mind 
why we do what we do. The majority of papers on computational modelling of immunotherapy 
usually end with a similar sentence in a sense: “Such computational models show promise to…” 
However, we think it is high time to turn all such promises into reality. We hope that the work 
presented in this thesis, which is strongly supported by pre-clinical and clinical experiments, is 
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8 Razširjeni povzetek v slovenskem jeziku 
8.1 Uvod in specifični cilji 
Zdravljenje raka s sodobnimi vrstami imunoterapije je v zadnjem desetletju postalo eno izmed 
najbolj izpostavljenih področij v onkologiji, kot tudi v medicini na splošno. Revija Science je 
imunoterapijo razglasila za “znanstveni preboj leta 2013” [1]. Leta 2018 pa je bila podeljena 
“Nobelova nagrada za fiziologijo in medicino” za odkritje zaviralcev imunskih kontrolnih točk 
(angl. immune checkpoint inhibitors (ICI)) – novih zdravil s področja imunoterapije, ki so 
pomenila izjemen napredek pri zdravljenju raka [2]. Močna ojačitev bolnikovega lastnega 
protitumorskega imunskega odziva, ki se pojavi kot posledica prekinjene negativne povratne 
zanke imunskega sistema, je pokazala impresivne rezultate zdravljenja celo pri 
najsmrtonosnejših vrstah raka, kot sta metastatski melanom in nedrobnocelični rak pljuč (angl. 
non-small-cell lung cancer (NSCLC)). Te vrste raka so še do nedavnega veljale za skorajda 
neozdravljive s standardnimi načini zdravljenja, kot so kemoterapija, radioterapija in drugi 
[3,4]. Pri bolnikih, ki odgovorijo na imunoterapijo, so pogosto opažene dolgotrajne zazdravitve 
bolezni, možna pa je celo popolna ozdravitev. 
Kljub velikemu uspehu sodobne imunoterapije pa na odgovore čaka še vrsta nerešenih vprašanj, 
na podlagi katerih bi lahko dodatno izboljšali izide zdravljenja. Čeprav je imunoterapija pri 
določenih vrstah raka izjemno uspešna, so rezultati zdravljenja nekaterih drugih vrst še vedno 
skromni [5]. Celo pri tistih vrstah raka, pri katerih imunoterapija velja za uspešno, se večina 
bolnikov žal ne odzove [6]. Posledično bi bilo izrednega pomena (1) prepoznati 
najpomembnejše lastnosti tumorjev, od katerih je odvisen odziv na določeno imunoterapijo, (2) 
prepoznati optimalna kombinirana zdravljenja in (3) razviti nove generacije tako ICI kot drugih 
imunoterapevtikov. Vse našteto pa bo težko uresničiti hitro z zanašanjem izključno na klinične 
študije, zastavljene po načelu “poskusov in napak” (angl. trial-and-error), ki so drage in 
zamudne. Število različnih imunoterapij, ne da bi sploh omenjali vseh možnih kombinacij in 
načinov doziranja, se je namreč v zadnjih letih izjemno povečalo [7].        
Računalniško modeliranje je znano kot zmogljivo, hitro in varčno orodje, ki bi ga lahko 
učinkovito uporabljali kot dopolnilni pristop za pospešitev in vodenje prihodnjih 
imunoonkoloških raziskav in klinične prakse. Prvi modeli imunoterapije raka so se pojavili že 
konec osemdesetih let prejšnjega stoletja, kljub temu pa je njihova uporaba v predkliniki in 
kliniki še vedno v povojih [8]. Obstoječe računalniške modele imunoterapije raka z ICI smo 
obsežno pregledali in kritično ovrednotili v 2. poglavju. V splošnem jih lahko razdelimo v dve 
skupini: mehanistični modeli po načelu “od spodaj navzgor” (angl. bottom-up) ter podatkovno 
vodeni modeli po načelu “od zgoraj navzdol” (angl. top-down). Mehanistični modeli so zgrajeni 
na osnovi temeljnih bioloških načel, zato ponujajo neprecenljiv vpogled v dinamiko interakcij 
več medsebojno povezanih bioloških procesov, s čimer omogočajo raziskovanje tako 
posameznih kot skupnih vplivov teh procesov na izide zdravljenja z imunoterapijo. Tako 
zapletene interakcije bi bilo težko, včasih pa celo nemogoče, preučevati eksperimentalno. Kljub 
vsemu pa mehanistični modeli po načelu od spodaj navzgor potrebujejo zadostno količino 
eksperimentalnih podatkov. Če vsebujejo preveč prostih parametrov in neznanih začetnih 
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pogojev, so rezultati simulacij lahko zavajajoči zaradi prevelikega števila prostostnih stopenj in 
posledično velike verjetnosti preprileganja (angl. overfitting). V primerih, ko je na voljo le malo 
eksperimentalnih podatkov, kar je v klinični praksi pogosto, se kot bolj primerni izkažejo 
podatkovno vodeni modeli po načelu od zgoraj navzdol. Čeprav takšni modeli ne ponujajo 
podrobnega opisa vzročnosti med biološkimi procesi in izidom zdravljenja ter včasih delujejo 
celo kot črna skrinjica, so še vedno lahko zelo koristni, na primer kot orodja za boljše 
upravljanje z bolniki v klinični praksi. Ravno tako pa lahko podrobna analiza preverjenih 
podatkovno vodenih modelov vsaj na intuitivni ravni ponudi določene namige o biologiji, ki 
poteka v ozadju. 
Splošni cilj doktorske disertacije je bil raziskati lastnosti tumorjev, od katerih je odvisen 
bolnikov odziv na imunoterapijo s protitelesi proti receptorju programirane celične smrti 
1 (angl. anti-programmed-death-1 (anti-PD-1)), tako z uporabo mehanističnega 
modeliranja od spodaj navzgor kot tudi s pomočjo podatkovno vodenega modeliranja od 
zgoraj navzdol. Z drugimi besedami – razjasniti smo želeli, zakaj pri nekaterih bolnikih z 
rakom imunoterapija anti-PD-1 privede celo do popolne ozdravitve metastatske bolezni, 
medtem ko pri večini drugih bolnikov opazimo zmerne odzive ali celo popolno odpornost na 
zdravljenje. Mehanistični model od spodaj navzgor je bil osredotočen na predkliniko zaradi 
zagotavljanja zadostne količine eksperimentalnih podatkov. Nasprotno pa smo uporabili 
podatkovno vodeno modeliranje od zgoraj navzdol za analizo klinične študije z imunoterapijo, 
kjer je bilo na voljo le malo eksperimentalnih podatkov, in sicer slike bolnikov z 
nedrobnoceličnim rakom pljuč, pridobljene z uporabo 2-deoksi-2-[fluor-18]fluoro-D-glukoze 
pozitronske emisijske tomografije ([18F]FDG PET). Doktorska disertacija je imela sledeča 
specifična cilja (Slika 1).        
 SPECIFIČNI CILJ 1: Raziskati lastnosti tumorjev, od katerih je odvisen bolnikov 
odziv na imunoterapijo anti-PD-1 z uporabo mehanističnega modela po načelu od 
spodaj navzgor. 
o PODCILJ 1.1: Razviti mehanističen model po načelu od spodaj navzgor, ki bo 
simuliral odziv tumorjev na imunoterapijo anti-PD-1. 
o PODCILJ 1.2: Preveriti model z eksperimentalnimi podatki iz literature.  
o PODCILJ 1.3: Preveriti model z lastnimi eksperimentalnimi podatki. 
o PODCILJ 1.4: Uporabiti model za raziskovanje lastnosti tumorjev, od katerih je 
odvisen bolnikov odziv na imunoterapijo anti-PD-1. 
 SPECIFIČNI CILJ 2: Raziskati lastnosti tumorjev, od katerih je odvisen bolnikov 
odziv na imunoterapijo anti-PD-1 z uporabo podatkovno vodenega modela po 
načelu od zgoraj navzdol. 
o PODCILJ 2.1: Razviti slikovno voden model po načelu od zgoraj navzdol, ki bo 
temeljil na radiomskih analizah slik [18F]FDG PET (iRADIOMICS) pri bolnikih 
z nedrobnoceličnim rakom pljuč, zdravljenih z imunoterapijo anti-PD-1. 
o PODCILJ 2.2: Preveriti, ali iRADIOMICS napove odziv na imunoterapijo anti-
PD-1 bolje od trenutnih kliničnih standardov.  
o PODCILJ 2.3: Uporabiti iRADIOMICS za raziskovanje lastnosti tumorjev, od 
katerih je odvisen bolnikov odziv na imunoterapijo anti-PD-1. 
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8.2 Računalniško modeliranje imunoterapije z zaviralci imunskih 
kontrolnih točk – pregled literature 
Kot smo že omenili, so računalniški modeli obetajoča orodja, ki bi lahko z novimi namigi in 
hipotezami, temelječimi na predhodnih računalniških simulacijah namesto izključno na 
intuiciji, pomembno prispevali k pospešitvi raziskav v imunoterapiji. Kljub številnim modelom, 
ki so bili razviti na podlagi različnih modelskih pristopov, pa se zdi, da je s kliničnega vidika 
področje modeliranja v imunoterapiji še vedno neizkoriščeno in podcenjeno.  
Po pregledu obstoječe literature smo ugotovili, da bi računalniške modele sodobne 
imunoterapije raka z ICI v grobem lahko uvrstili v eno izmed sledečih kategorij (Slika 2): 
podatkovno vodeni od zgoraj navzdol oziroma mehanistični od spodaj navzgor, poenostavljeni 
oziroma podrobni, zvezni oziroma diskretni ter hibridni. Združimo pa jih lahko še glede na 
specifično metodologijo modeliranja, kot npr. farmakokinetični/farmakodinamični modeli, 
izpeljanke modela Lotka-Volterra, modeli na osnovi evolucijske teorije iger, modeli na osnovi 
kvantitativne sistemske farmakologije, prostorsko časovni modeli in agentni modeli (angl. 
agent-based models (ABM)). 
Vsaka od naštetih metodologij ima svoje prednosti in slabosti, vsem modelom na področju 
sodobne imunoterapije z ICI pa je zaenkrat skupna zelo omejena uporabna klinična vrednost. 
Razlog je preprost – več kot polovica modelov, ki smo jih pregledali, je izključno teoretičnih, 
nasploh brez prilagoditve eksperimentalnim podatkom, veliki večini ostalih modelov pa manjka 
končna preverba v neodvisnih prospektivnih študijah. Skozi oči fizika je to dejstvo 
presenetljivo, saj je eksperimentalna potrditev končni cilj vsakega predlaganega fizikalnega 
modela ali teorije, kar bi moralo veljati tudi za uporabo fizikalnih metod v medicini in biologiji. 
Slika 1: Shematska predstavitev specifičnih ciljev doktorske disertacije.
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Pomembne razlike med modeliranjem fizikalnih in bioloških pojavov seveda obstajajo. 
Zmožnost eksperimentalne potrditve fizikalnih teorij je največkrat povezana s tehnološkimi in 
finančnimi omejitvami, medtem ko so v medicini in biologiji še dodatne omejitve, povezane z 
etičnimi razlogi, saj večina eksperimentov vključuje živa bitja. Še posebej pri eksperimentih z 
bolniki v kliničnih študijah so etične omejitve, npr. povezane z meritvijo določenih modelskih 
parametrov, lahko znatne. To seveda ne pomeni, da bi se eksperimentalnim potrditvam 
računalniških modelov v medicini in biologiji lahko izogibali, ali celo morali izogibati. Pomeni 
pa, da je potrebno pri modeliranju kompleksnih problemov, kot je npr. modeliranje sodobne 
imunoterapije, tako model prilagajati eksperimentalnim zmožnostim kot tudi obratno. Tesno 
sodelovanje med raziskovalci, ki razvijajo modele in raziskovalci iz predklinične oz. klinične 
prakse, je zato izjemnega pomena.  
Po našem mnenju je najprimerneje začeti s poenostavljenimi, obvladljivimi modeli, močno 
podprtimi z eksperimenti, ki so zasnovani za specifične in zelo natančno opredeljene cilje. 
Podrobni modeli, ki vsebujejo na stotine sklopljenih diferencialnih in algebrajskih enačb, so 
sicer zelo zanimivi s teoretičnega vidika in nedvomno bolje opišejo neizmerno kompleksnost 
imunskega sistema. V kolikor pa jim kompleksna zgradba onemogoča, da bi jih 
eksperimentalno preverili, je njihova možnost za prehod v klinično prakso skorajda nična. 
Vprašanje je tudi, ali je smiselno modelirati kombinirane imunoterapije, dokler nimamo 
zanesljivih in preverjenih modelov monoterapij. Vse našteto nas je vodilo k izbiri najbolj 
primernega pristopa k modeliranju imunoterapije anti-PD-1 po načelu od spodaj navzgor, 
predstavljeno v poglavju 3 in 4. Zanimivo – podoben enostaven mehanističen model, ki bi bil 
močno podprt z eksperimenti, še ni bil razvit. 
Za podoben pristop smo se odločili, ko smo razvijali slikovno voden model od zgoraj navzdol, 
ki je predstavljen v poglavju 5. Ob pregledu literature smo ugotovili, da je večina obstoječih 
slikovno vodenih modelov razvitih na podlagi radiomskih analiz slik, narejenih z računalniško 
tomografijo (angl. computed tomography (CT)), kar je bilo pričakovano. CT je namreč najbolj 
pogosto uporabljana 3-D slikovna tehnika v klinični praksi. Naša predpostavka pa je bila, da 
Slika 2: Različni tipi računalniških modelov sodobne imunoterapije raka z zaviralci imunskih kontrolnih točk.
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molekularno slikanje (specifično [18F]FDG PET) odseva več informacij o tumorski biologiji, ki 
poteka v ozadju, zato imajo slikovno vodeni modeli na podlagi molekularnega slikanja 
posledično večjo napovedno moč. Opazili smo tudi, da večina radiomskih študij izlušči tisoče 
metrik iz območij zanimanja (angl. regions of interest (ROI)). Po eni strani tak pristop omogoča 
celovito karakterizacijo lastnosti tumorjev, po drugi strani pa nakazuje tudi na mogočo 
nevarnost preprileganja napovednih modelov. Tudi če predpostavimo, da se je večina študij 
izognila preprileganju z uporabo najbolj sofisticiranih algoritmov za selekcijo radiomskih 
metrik, je večina obstoječih modelov zelo neintuitivnih. Večinoma delujejo kot črne skrinjice 
in kot taki imajo malo možnosti za prehod v rutinsko klinično prakso. Na podlagi teh opažanj 
smo se v 5. poglavju osredotočili le na podskupino osmih robustnih radiomskih metrik in razvili 
poenostavljen slikovno voden model po načelu od zgoraj navzdol, ki je lahko vseboval največ 
dve radiomski metriki. 
8.3 Mehanistični model imunoterapije anti-PD-1 po načelu od 
spodaj navzgor 
Glede na opažanja ob pregledu literature smo v 3. poglavju doktorske disertacije predstavili 
poenostavljeni mehanistični model po načelu od spodaj navzgor, ki smo ga razvili za simulacijo 
odziva tumorjev na imunoterapijo anti-PD-1 (En. 1–En. 4). 
Ker smo eksplicitno želeli, da razviti model omogoča eksperimentalno preverbo, vsebuje le 
tiste spremenljivke in parametre, ki so nepogrešljivi za simulacijo imunoterapije anti-PD-1 po 
načelu od spodaj navzgor. Model opisuje interakcije med dvema bistvenima tipoma celic pri tej 
vrsti imunoterapije – tj. tumorskimi celicami (C) in tumor infiltrirajočimi limfociti (TIL) (v 
našem primeru gre za limfocite T). Vsebuje tudi osnovno biologijo, za katero je znano, da je 
vpletena v imunoterapijo anti-PD-1, kot npr. tumorsko mutacijsko breme, ki ga odraža število 
enojnih nukleotidnih variacij (angl. single nucleotide variations (SNV)), izraženost 
poglavitnega kompleksa tkivne skladnosti (angl. major histocompatibility complex (MHC)) 
razreda I, preko katerega tumor izraža svoje antigene ter interakcije med receptorji PD-1 (na 
limfocitih T) in njihovimi ligandi na tumorskih celicah (PD-L1), s katerimi tumorske celice 
lahko zavrejo imunski odziv. Večina parametrov je fiksiranih in povzetih iz literature – le štirje 
parametri so prosti. Njihove definicije, vrednosti in reference prikazuje Tabela 1. 
Kratek opis členov v modelskih enačbah: 
 En. 1, prvi člen: Gompertzova funkcija – intrinzična rast tumorja v odsotnosti 
imunskega sistema.  
∙ ∙ ∙ ∙ ∙ 1 1 ∙ 1 ∙ 1 1 , ∙ ∙   En. 1
∙ ∙ ∙ ∙ ∙ 1 ∙ 1 ∙ 1 1 , ∙ ∙ ∙   En. 2







∙   En. 4
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 En. 1, drugi člen: odmiranje tumorskih celic zaradi interakcij z imunskim sistemom.  
 En. 2, prvi člen: infiltracija TIL v tumor. 
 En. 2, drugi člen: odmiranje TIL zaradi interakcij s tumorskimi celicami. 
 En. 2, tretji člen: odmiranje TIL zaradi naravne smrti. 
 En. 3, prvi člen: nastajanje mrtvih tumorskih celic (glej En. 1). 
 En. 3, drugi člen: odstranjevanje mrtvih tumorskih celic iz tumorja. 
 En. 4, prvi člen: celokupen volumen tumorskih celic. 
 En. 4, drugi člen: celokupen volumen TIL. 
Tabela 1: Seznam modelskih spremenljivk in parametrov s pripadajočimi referencami. 
SPREMENLJIVKA OPIS  ENAČBA  
C 
Število živih tumorskih 
celic 




infiltrirajočih limfocitov  
 En. 2 
 
Cdead 
Število mrtvih tumorskih 
celic 
 En. 3 
 
V Volumen tumorja  En. 4  
PARAMETER OPIS VREDNOST REFERENCA  









tumorskih celic v 
tumorju 





Stopnja interakcije med 
tumorskimi celicami in 
TIL 





Stopnja infiltriranja TIL 
v tumor 
















MHCI Izražanje MHC razreda I 2,3% [134] 
PDL1 Izražanje PD-L1 37,5% [132] 
PD1 Izražanje PD-1 54% [135] 
PD1occup 
Zasedenost PD-1 
receptorjev z anti-PD-1 
protitelesi  
Odvisno od doze 





mrtvih tumorskih celic 




0,406 dan-1 [137] 
rc Polmer tumorske celice 11,4 μm [138] 
rTIL Polmer TIL 5 μm [139] 
Štiri proste parametre (k, Cmax, a, b) smo prilagodili eksperimentalnim podatkom iz objavljene 
študije, v kateri so bile tumorske celice melanoma B16-F10 nasajene tako na miši divjega tipa 
(C57BL/6) kot tudi na miši brez imunskega sistem (NSG). Oba tipa miši sta bila zdravljena z 
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imunoterapijo anti-PD-1 [132]. Vrednosti tako dobljenih parametrov prikazuje Tabela 1. 
Napovedi modela s fiksiranimi parametri smo nato preverili na dveh neodvisnih eksperimentih 
z melanomom B16 iz literature, pri katerih so avtorji uporabili drugačno število nasajenih celic, 
različno dozo ali način doziranja [162,163]. Rezultate ujemanja modelskih napovedi z 
eksperimenti študije, ki so jo izvedli Scharping in sodelavci [163], predstavlja Slika 3. 
Za raziskavo bioloških značilnosti tumorjev, od katerih je odvisen odziv na imunoterapijo anti-
PD-1, smo naredili serijo občutljivostnih analiz ključnih modelskih parametrov. Na podlagi le-
teh smo ugotovili, da je izraženost MHC razreda I na tumorskih celicah edini parameter, čigar 
vrednost je nedvoumno definirala odziv na zdravljenje (Slika 4).  
Slika 3: Primerjava modelskih napovedi z eksperimentalnimi podatki (Scharping in sod. 2017, [163]). Modelske 
napovedi smo primerjali z eksperimentalnimi podatki študije, v kateri so 2,5 × 105 celic melanoma B16-F10 nasadili 
intradermalno v boke miši divjega tipa (C57BL/6) in jih zdravili z imunoterapijo anti-PD-1. Eksperimentalni podatki so 
prikazani kot povprečje ± standardna deviacija. Simulacije so prikazane s polnimi črtami. Levo: kontrolna skupina. Desno:
anti-PD-1 imunoterapija (200 μg/aplikacijo, dan 5, 9, 13 in 17). Vsi ostali parametri so bili nastavljeni na vrednosti, ki jih
prikazuje Tabela 1. 
Slika 4: Občutljivostna analiza izraženosti MHC razreda I. Odebeljene polne zelene črte (kontrola) in odebeljene rdeče 
črtkane črte (anti-PD-1) prikazujejo rezultate simulacij, ki bi jih bilo mogoče opaziti v realnih eksperimentih. Tanke pikčaste 
črte pa predstavljajo nerealistične scenarije za mišje tumorje (V > 850 mm3, miši bi že poginile oz. bile humano usmrčene).
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Od vrednosti MHC razreda I je bila odvisna tudi napovedna moč ostalih bioloških 
označevalcev, ki se trenutno rutinsko uporabljajo v klinični praksi, npr. izraženost PD-L1. Ob 
predpostavki dovolj velike izraženosti MHC razreda I je model napovedal, da je najboljše 
odzive na imunoterapijo anti-PD-1 mogoče pričakovati pri srednjih vrednostih PD-L1. Obe 
ugotovitvi si zaslužita nadaljnjo obravnavo, saj bi z zanesljivimi biološkimi označevalci že pred 
zdravljenjem lahko napovedali, kateri bolniki se ne bodo odzvali ter jih posledično obvarovali 
pred neželenimi stranskimi učinki.  
8.4 Razširjeni mehanistični model imunoterapije anti-PD-1 po 
načelu od spodaj navzgor, integriran z lastnimi eksperimenti 
Cilj 4. poglavja doktorske disertacije je bilo nadaljnje raziskovanje bioloških značilnosti 
tumorjev, od katerih je odvisen odziv na zdravljenje z imunoterapijo anti-PD-1, z uporabo 
računalniškega modeliranja. Še posebej smo sledili specifičnemu podcilju 1.3, in sicer preverbi 
modela z lastnimi eksperimentalnimi podatki, ki smo jih pridobili v sodelovanju z raziskovalci 
Oddelka za eksperimentalno onkologijo Onkološkega inštituta Ljubljana. 
Eden od eksperimentov, ki smo ga izvedli, je bila meritev izraženosti MHC razreda I in PD-L1 
na vsaki posamezni tumorski celici z uporabo pretočne citometrije. Na tak način smo lahko 
ocenili heterogenost populacije tumorskih celic, preden smo jih nasadili na miši. Posledično 
smo razširili model iz poglavja 3, da se je bolje skladal s tako pridobljenimi vhodnimi podatki. 
Razširjeni model je prikazan z En. 5–En. 11. 
 





∙ ∙ 1 1 ∙ 1 1 , ∙ ∙   En. 5
∙ ∙
∑
∙ ∙ ∙   En. 6
∙ ∙
∑




∙ ∙ ∙ ∙ 1 ∙ 1 1 , ∙ ∙ ∙   En. 9






∙   En. 11
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Tabela 2: Modelske spremenljivke, parametri, začetni pogoji ter pripadajoče reference.   
* Številke predstavljajo delež celokupnega števila nasajenih tumorskih celic. 
SPREMENLJIVKA OPIS 
ZAČETNI POGOJ 
(t = 0)  
(4T1) 
ZAČETNI POGOJ  





L1+ tumorskih celic 
10,6 ± 7,5% * 17,3 ± 10,4 % * Izmerjeno 
C2 
Število MHC-I+ PD-
L1- tumorskih celic 
89,0 ± 7,5% * 82,6 ± 10,4% * Izmerjeno 
C3 
Število MHC-I- PD-
L1+ tumorskih celic 
0,2 ± 0,2% * 0,0 ± 0,0% * Izmerjeno 
C4 
Število MHC-I- PD-L1- 
tumorskih celic 









0 0  













tumorskih celic v 
tumorju 





Stopnja interakcije med 
tumorskimi celicami in 
TIL 
(1,59 ± 0,04) × 10-8  
dan-1 







TIL v tumor 
(2,24 ± 1,19) × 10-2  
dan-1 








293 3023 [133] 
PD1 Izražanje PD-1 76% 79% [187] 
PD1occup 
Zasedenost PD-1 
receptorjev z anti-PD-1 
protitelesi 
Odvisno od doze 
(D) in časovnega 
načina doziranja 
Odvisno od doze 





mrtvih tumorskih celic 




0,41 dan-1 0,41 dan-1 [137] 
rc Polmer tumorske celice 9,5 ± 0,8 μm 9,9 ± 0,3 μm Izmerjeno 
rTIL Polmer TIL 5  μm 5  μm [139] 
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Bistvena razlika v primerjavi z modelom iz poglavja 3 so štiri podskupine tumorskih celic glede 
na izražanje MHC razreda I (MHC-I) in PD-L1, in sicer: 
 C1 (En. 5): tumorske celice MHC-I+ PD-L1+, ki so vidne imunskemu sistemu (MHC 
razreda I pozitivne) in izražajo tarčo za anti-PD-1 imunoterapijo (PD-L1 pozitivne). 
 C2 (En. 6): tumorske celice MHC-I+ PD-L1-, ki so vidne imunskemu sistemu, nimajo pa 
tarče za anti-PD-1 imunoterapijo. 
 C3 (En. 7): tumorske celice MHC-I- PD-L1+, ki so nevidne imunskemu sistemu in 
posledično rastejo  neovirano in neodvisno od imunskega odziva. Ker so PD-L1+, lahko 
pomagajo pri zaviranju imunskega sistema. Glej drugi člen En. 9. 
 C4 (En. 8): tumorske celice MHC-I- PD-L1-, ki so nevidne imunskemu sistemu, nanj pa 
tudi ne vplivajo. 
Kljub večji kompleksnosti modela se število prostostnih stopenj ni povečalo, saj je bila 
povečana kompleksnost podprta z eksperimenti. Eksperimente smo izvedli z dvema mišjima 
tumorskima celičnima linijama, in sicer z mamarnim karcinomom 4T1 (poznan kot neodziven 
na imunoterapijo anti-PD-1) ter s karcinomom debelega črevesja CT26 (poznan kot odziven).  
Rezultate meritev s pretočno citometrijo, ki so služili kot ocena začetnih pogojev spremenljivk 
C1-4 (t = 0), prikazuje Tabela 3. Zanimivo je, da smo tumorske celice brez izražanja MHC 
razreda I, za katere predpostavljamo, da so odporne na zdravljenje z imunoterapijo, zaznali le 
ob eni meritvi pri CT26, medtem ko so bile pri 4T1 bolj pogoste. 
Tabela 3: Analiza izraženosti MHC razreda I in PD-L1 s pretočno citometrijo.  
    
4T1 
Meritev MHC-I+ PD-L1+ [%] MHC-I+ PD-L1- [%] MHC-I- PD-L1+ [%] MHC-I- PD-L1- [%] 
1 11,5 86,9 0,4 1,2 
2 3,4 96,5 0,1 0,0 
3 6,6 93,4 0,0 0,0 
4 22,9 77,1 0,0 0,0 




10,6 ± 7,5 89,0 ± 7,5 0,2 ± 0,2 0,3 ± 0,5 
CT26 
Meritev MHC-I+ PD-L1+ [%] MHC-I+ PD-L1- [%] MHC-I- PD-L1+ [%] MHC-I- PD-L1- [%] 
1 29,3 70,5 0,0 0,2 
2 15,4 84,6 0,0 0,0 
3 5,6 94,4 0,0 0,0 
4 9,7 90,3 0,0 0,0 




17,3 ± 10,4 82,6 ± 10,4 0,0 ± 0,0 0,04 ± 0,09 
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Nadalje smo izvedli tri serije eksperimentov, s katerimi smo razklopili posamezne biološke 
procese, in sicer: 
(1) Tumorske celice smo nasadili na nezdravljene gole miši brez priželjca, ki so bile 
posledično brez limfocitov T. Na tak način smo lahko ocenili parametre intrinzične rasti 
tumorja k in Cmax. Rezultate prikazuje Tabela 2. 
(2) Tumorske celice smo nasadili na nezdravljene miši divjega tipa s polno delujočim 
imunskim sistemom. Ob fiksiranih k in Cmax smo lahko določili še parametra a in b, 
povezana z imunskim sistemom. Rezultate prikazuje Tabela 2. 
(3) Tumorske celice smo nasadili na miši divjega tipa, ki smo jih zdravili z imunoterapijo 
anti-PD-1. Rezultate smo uporabili za preverbo modelskih napovedi s popolnoma 
fiksiranimi parametri. 
Za preučitev vplivov različnih tumorskih lastnosti na izid zdravljenja z imunoterapijo anti-PD-
1 smo izvedli še občutljivostne analize izmerjenih parametrov (k, Cmax, a, b, C3, C4), kjer smo 
njihovo izmerjeno povprečno vrednost spreminjali za ± izmerjeno standardno deviacijo (SD). 
Modelske simulacije so dobro napovedale neodzivnost celične linije 4T1 (rezultati niso 
prikazani). Modulacija omenjenih parametrov za ± SD prav tako ni prinesla bistvenih 
sprememb rezultatov pri 4T1.  
Rezultate za celično linijo CT26 pa prikazuje Slika 5. 
Že eksperimentalni podatki sami so zelo zanimivi. Dva od šestih tumorjev sta pokazala popolno 
odpornost na zdravljenje, pri enem tumorju smo dosegli dolgotrajen nadzor nad boleznijo (z 
volumnom pod 50 mm3), pri treh miših pa je tumor popolnoma izginil. Modelske simulacije so 
napovedale zastoj v rasti tumorja s kasnejšo ponovno rastjo, kar eksperimentalno ni bilo 
opaženo. Po drugi strani pa so občutljivostne analize kot pomembna parametra izpostavile b in 
Slika 5: Rast tumorjev celične linije CT26, ki so bili zdravljeni z imunoterapijo anti-PD-1, občutljivostna analiza. Točke 
predstavljajo podatke rasti tumorjev na vsaki posamezni miši. Polne črte predstavljajo napovedi modela ob predpostavki
povprečnih vrednosti parametrov μi iz Tabele 2. Črtkane črte predstavljajo občutljivostne analize, kjer je bila povprečna
vrednost μi i-tega parametra zvečana za eno standardno deviacijo σi. Pikčaste črte pa predstavljajo občutljivostne analize, kjer 
je bila povprečna vrednost μi i-tega parametra zmanjšana za eno standardno deviacijo σi. Levo: občutljivostna analiza parametra 
b, desno: občutljivostna analiza začetnega pogoja C4 (t =0).    
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C4. Z zmanjšanjem b (stopnje infiltracije TIL v tumor) za eno standardno deviacijo smo lahko 
pojasnili eksperimentalne rezultate dveh popolnoma neodzivnih tumorjev. Še bolj zanimiva pa 
je bila občutljivostna študija parametra C4. Pokazala je, da je mogoče popoln odziv na 
zdravljenje doseči le v primeru homogenih tumorjev, pri katerih vse tumorske celice izražajo 
MHC razreda I. Z zmanjšanjem C4 za eno standardno deviacijo smo namreč prišli do sledečih 
začetnih pogojev: C4 (t = 0) = 0, C3 (t = 0) = 0. Glede na eksperimentalne rezultate, ki jih 
prikazuje Tabela 3, se pri CT26 tak scenarij najverjetneje pogosto zgodi. V nasprotnem primeru 
pa lahko že zelo majhen delež rezistentnih celic brez izraženega MHC razreda I, ki raste 
neovirano od imunskega odziva, na koncu prevlada in odločilno prispeva k neuspehu 
zdravljenja. Ti rezultati še dodatno potrjujejo in nadgrajujejo ugotovitve modela iz poglavja 3, 
in sicer o pomembni vlogi izraženosti  MHC razreda I na tumorskih celicah pri odzivu na 
imunoterapijo anti-PD-1.  
8.5 Slikovno vodeni model imunoterapije po načelu od zgoraj 
navzdol 
Mehanistična modela od spodaj navzgor, predstavljena v poglavjih 3 in 4, sta se izkazala kot 
koristni orodji za podajanje namigov o lastnostih tumorjev, od katerih je odvisen odziv na 
imunoterapijo anti-PD-1. Videli pa smo, da še tako poenostavljeni mehanistični modeli 
potrebujejo zadostno količino eksperimentalnih podatkov, če želimo, da so čim bolj zanesljivi. 
V študijah z bolniki v klinični praksi pogosto ni na voljo dovolj podatkov, zato se navadno kot 
bolj primerni izkažejo podatkovno vodeni modeli po načelu od zgoraj navzdol. Gre v principu 
za statistične modele, ki skušajo opisati opažene podatkovne vzorce in nato na njihovi podlagi 
napovedati neznane scenarije. Za njihov razvoj se v zadnjem času zelo pogosto uporabljajo 
slikovni podatki, pridobljeni z različnimi vrstami medicinskega slikanja, kot so CT, PET, 
magnetna resonanca in ultrazvok. 
Cilj petega poglavja je bila študija odziva bolnikov z nedrobnoceličnim rakom pljuč na 
imunoterapijo anti-PD1 s pomočjo slikovno vodenega modela po načelu od zgoraj navzdol, 
temelječega na radiomskih analizah slik [18F]FDG PET (iRADIOMICS). Želeli smo tudi 
ugotoviti, ali iRADIOMICS lahko napove odziv na imunoterapijo bolje od trenutnih kliničnih 
standardov (imunohistokemija PD-L1, kriteriji iRECIST). Da bi se izognili preprileganju, smo 
se pri razvoju modela osredotočili na majhno podskupino radiomskih metrik, ki so se predhodno 
izkazale kot ponovljive ob dveh zaporednih testnih slikanjih in razvili model z minimalnim 
številom parametrov. 
V raziskavo smo vključili 30 bolnikov, ki smo jih zdravili s pembrolizumabom (imunoterapija 
anti-PD-1). Z [18F]FDG PET/CT smo jih slikali pred začetkom zdravljenja, po enem mesecu in 
štiri mesece po zdravljenju. Analizirali smo povezave šestih robustnih radiomskih metrik 
primarnih tumorjev s celokupnim preživetjem (angl. overall survival (OS)), za kar smo 
uporabili Mann-Whitney U-test, Coxovo regresijsko analizo sorazmernih tveganj in analizo 
krivulje ROC. Največjo napovedno moč so imele radiomske metrike pred zdravljenjem – 
rezultate predstavljata Tabela 4 in Tabela 5. Izmed analiziranih metrik je v vseh univariatnih 
analizah najbolj izstopal poudarek na majhnem teku (angl. small run emphasis (SRE)). 
Optimalni multivariatni Coxov regresijski model (glede na vrednost Akaikejevega 
127 
 
informacijskega kriterija (angl. Akaike information criterion (AIC)) pa je poleg poudarka na 
majhnem teku vseboval še diferenčno entropijo. 
 
Tabela 4: Radiomske metrike primarnih tumorjev pred terapijo – Mann-Whitney U-test in analiza krivulje ROC. 
Bolniki so bili razdeljeni v dve skupini: odzivni (OS > 14,9 mesecev) in neodzivni (OS < 14,9 mesecev). Za vsako radiomsko 
metriko so navedeni: srednja vrednost, skrajne vrednosti, vrednost p Mann-Whitneyevega U-testa ter ploščina pod ROC 
krivuljo (angl. area under the ROC curve (AUC)) s pripadajočim 95 % intervalom zaupanja (angl. 95% confidence interval 
(95% CI)). 
 
Tabela 5: Radiomske metrike primarnih tumorjev pred terapijo - Univariatna in multivariatna Coxova regresijska 
analiza sorazmernih tveganj. Za vsako radiomsko metriko so navedeni: razmerje tveganj (angl. hazard ratio (HR)) s 
pripadajočim 95% CI in vrednost p univariatne analize. Multivariatni regresijski model z dvema spremenljivkama je bil izbran 
na podlagi AIC. Vse radiomske vrednosti smo preoblikovali v vrednosti z (angl. z-scores) z namenom primerljivih HR.   
METRIKA 
UNIVARIATNI 




HR (95% CI) 
MULTIVARIATNI 
vrednost p 
Volumen [cm3] 1,6 (1,1–2,4) 0,015   
SUVmax [g/ml] 0,77 (0,46–1,3) 0,320   
Vsota entropij 0,96 (0,60–1,5) 0,860   
Entropija-GLCM 1,4 (0,82–2,3) 0,230   
Diferenčna entropija 0,62 (0,40–0,97) 0,037 0,54 (0,31–0,93) 0,026 
Poudarek na majhnem teku 
(SRE) 
0,46 (0,26–0,81) 0,007 0,39 (0,20–0,76) 0,006 
 
iRADIOMICS smo oblikovali na podlagi univariatnega in multivariatnega logističnega modela 
z najbolj obetajočimi metrikami. Napovedno moč iRADIOMICS smo primerjali s trenutnimi 
kliničnimi standardi, in sicer z napovedno močjo deleža tumorskih celic (angl. tumour 
proportion score (TPS)) z izraženim PD-L1 ter z iRECIST, za kar smo uporabili analizo 
krivulje ROC. Natančnosti napovedi smo ocenili s petkratno navzkrižno validacijo.     
Multivariatni iRADIOMICS (logistični model s SRE in diferenčno entropijo) se je izkazal kot 
boljši od vseh trenutnih standardov tako s stališča napovedne moči kot časovno. Primerjavo 
ploščin pod krivuljo ROC (angl. area under the ROC curve (AUC)) s pripadajočimi 95% 
intervali zaupanja (angl. 95% confidence interval (95% CI)) prikazuje Slika 6. Natančnosti 
napovedi, izračunane s petkratno navzkrižno validacijo, pa so bile naslednje: PD-L1 TPS je 
dosegel slab rezultat, saj je pravilno napovedal odziv le pri 53% (SD = 18%) bolnikov. Model 
na podlagi iRECIST ob prvem mesecu je pravilno napovedal odziv pri 76% (16%) bolnikov, 
METRIKA 
ODZIVNI BOLNIKI 
(OS > 14,9 mesecev) 
srednja vrednost  
(skrajne vrednosti) 
NEODZIVNI BOLNIKI 
(OS < 14,9 mesecev)  




AUC (95% CI) 
Volumen [cm3] 27,9 (2,64–351) 44,4 (7,81–792) 0,098 0,69 (0,49–0,89) 
SUVmax [g/ml] 20,6 (5,21–32,1) 15,6 (9,54–37,0) 0,185 0,65 (0,43–0,87) 
Vsota entropij 3,69 (3,53–3,77) 3,7 (3,54–3,76) 0,387 0,60 (0,38–0,82) 
Entropija-GLCM 4,07 (3,99–4,15) 4,11 (4,03–4,14) 0,046 0,72 (0,52–0,92) 




0,0382 (0,00962–0,0615) 0,0163 (0,00854–0,0303) 0,001 0,85 (0,69–1,00) 
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iRECIST ob četrtem mesecu pa pri 76% (17%) bolnikov. Natančnost univariatnega 
iRADIOMICS pred terapijo je bila nekoliko nižja, in sicer 73% (18%). Najvišjo natančnost je 
dosegel multivariatni iRADIOMICS pred terapijo, ki je pravilno napovedal odziv pri 78% 
(18%) bolnikov.  
8.6 Zaključek in smernice za prihodnost 
V bližnji prihodnosti bodo klinične študije, zastavljene po načelu “poskusov in napak”, 
nedvomno ostale primarna in nepogrešljiva raziskovalna metoda. Vseeno pa bodo računalniški 
modeli nujno potrebni za uspešnejše obvladovanje tako hitro rastočega in razvijajočega se 
področja, kot je moderna imunoterapija raka. V zadnjem poglavju smo povzeli 
najpomembnejše ugotovitve doktorske disertacije ter nakazali smernice za prihodnji razvoj. 
Najpomembnejša ugotovitev, ki izhaja tako iz obeh modelov po načelu od spodaj navzgor 
(poglavji 3 in 4) kot tudi iz lastnih eksperimentov, nakazuje, da bi izražanje MHC razreda I na 
tumorskih celicah lahko igralo ključno vlogo pri odzivu posameznega tumorja na zdravljenje z 
imunoterapijo anti-PD-1. Posledično bi lahko služilo kot biološki označevalec, s katerim bi bilo 
mogoče že vnaprej napovedati, kateri bolnik se bo odzval na zdravljenje. Z intuitivnega vidika 
se ugotovitev zdi logična, saj imunoterapija anti-PD-1 primarno deluje na limfocite T, ti pa 
Slika 6: Analiza krivulje ROC. Temno modra: iRADIOMICS (pred terapijo) multivariatni logistični model (neodvisni
spremenljivki: poudarek na majhnem teku (angl. small run emphasis (SRE), diferenčna entropija), rumena: iRADIOMICS 
(pred terapijo) univariatni logistični model (neodvisna spremenljivka: SRE), siva: iRECIST (1. mesec) univariatni logistični
model (neodvisne spremenljivke: kategorije odziva, definirane v iRECIST), rdeča: iRECIST (4. mesec) univariatni logistični
model (neodvisne spremenljivke: kategorije odziva, definirane v iRECIST), svetlo modra: PD-L1 TPS (pred terapijo) 
univariatni logistični model. Za vsak model so predstavljene ploščine pod krivuljo ROC (angl. area under the ROC curve
(AUC)) s pripadajočimi  95 % intervali zaupanja (angl. 95% confidence interval (95% CI)). 
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lahko prepoznajo svojo tarčo izključno prek MHC razreda I, izraženega na tumorskih celicah 
[144,145]. Meritev izraženosti MHC razreda I se posledično zdi samoumevna preiskava, ki bi 
lahko bila rutinsko opravljena pri vseh kandidatih za zdravljenje z imunoterapijo, kljub temu 
pa je v literaturi pomanjkanje eksperimentalnih študij, ki bi raziskovale napovedno moč MHC 
razreda I kot biološkega označevalca. Še posebej je presenetljivo, ker bi bilo tako klinično 
študijo zelo lahko izvesti, in sicer le z dodatno imunohistokemijsko preiskavo bolnikovih 
biopsij – podobno kot se to že rutinsko opravlja za meritev izraženosti PD-L1. 
Eden izmed faktorjev, ki bi lahko negativno vplival na napovedno moč izraženosti MHC 
razreda I, je majhna velikost biopsij, ki se navadno odvzamejo bolnikom. To bi po eni strani 
lahko onemogočalo izvedbo več imunohistokemijskih preiskav, predvsem pa bi bilo vprašljivo, 
ali bi bili tako majhni, naključno odvzeti vzorci, reprezentativni za celoten tumor. Pri 
premagovanju podobnih ovir imajo prednost neinvazivni slikovni biomarkerji, ki temeljijo na 
CT, PET, MRI, ali drugih slikovnih tehnikah, s katerimi lahko pregledamo tumor kot celoto. 
Tak primer je iRADIOMICS, ki smo ga predstavili v poglavju 5 – potencialni slikovni 
biomarker, razvit na podlagi radiomskih analiz slik [18F]FDG PET pri bolnikih z 
nedrobnoceličnim rakom pljuč, zdravljenih s pembrolizumabom. Čeprav iRADIOMICS 
nedvomno potrebuje potrditev v neodvisnih študijah na večjem številu vzorcev, bi lahko bil 
uporaben za vodenje kliničnih študij že na sedanji stopnji. iRADIOMICS bi na primer lahko 
uporabili v prihodnji klinični študiji z nedrobnoceličnim pljučnim rakom, v kateri bi vnaprej 
napovedali, kateri bolniki se najverjetneje ne bodo odzvali na zdravljenje z imunoterapijo anti-
PD-1. Te bolnike bi nato zdravili drugače, npr. s kombinacijo imunoterapije in kemoterapije, 
ki se je izkazala kot uspešna v drugih študijah [63]. Taka študija bi bila etična tudi v primeru, 
če napovedna moč iRADIOMICS kasneje ne bi bila potrjena v neodvisnih študijah, saj nikomur 
od bolnikov ne bi odrekli zdravljenja z imunoterapijo, temveč bi jim le predpisali dodatno 
terapijo. 
Zanimiva ugotovitev, ki izhaja iz analize posameznih metrik, vključenih v iRADIOMICS (SRE 
in diferenčna entropija), pravi, da se bolj homogeni tumorji bolje odzovejo na zdravljenje z 
imunoterapijo anti-PD-1. Do podobnega zaključka je prišel tudi model po načelu od spodaj 
navzgor, predstavljen v poglavju 4, ki je nakazal, da so popolni odzivi na imunoterapijo anti-
PD-1 možni samo v primeru homogenih tumorjev, kjer vse tumorske celice izražajo MHC 
razreda I. Zavedamo se, da sta definiciji homogenosti v obeh modelskih pristopih, 
predstavljenih v tej doktorski disertaciji, popolnoma drugačni, vseeno pa si ugotovitev zasluži 
nadaljnjo obravnavo. Zanimivo prihodnjo študijo, ki bi vsaj do določene mere razjasnila 
povezave med tumorsko biologijo in radiomskimi metrikami, vključenimi v iRADIOMICS, 
prikazuje Slika 7. Gre za enoten model, ki bi združil modeliranje od spodaj navzgor in od zgoraj 
navzdol. Glavni vhodni in izhodni podatek bi bile slike [18F]FDG PET, katerih časovni razvoj 
odziva na zdravljenje bi simulirali na mehanističnih predpostavkah (od spodaj navzgor), hkrati 
pa bi naredili tudi radiomske analize simuliranih slik. Če bi se le-te dobro ujemale z 
radiomskimi analizami pravih slik, bi lahko naredili serijo občutljivostnih analiz, ki bi 
razjasnile, kako se spremembe v tumorski biologiji izražajo v izračunanih radiomskih metrikah 
in tudi obratno. Dobro intuitivno razumevanje rezultatov modelov od zgoraj navzdol na podlagi 
radiomskih analiz bi pomenilo pomemben korak naprej pri njihovi integraciji v klinično prakso. 
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Na splošno bi lahko rekli, da so računalniški modeli moderne imunoterapije raka na dobri poti, 
da nekoč postanejo del rutinske klinične prakse, nikakor pa nismo še na cilju. Za dosego cilja 
bo predvsem vedno potrebno imeti v mislih razloge, zakaj počnemo, kar počnemo. Upamo, da 
pomeni delo, predstavljeno v tej doktorski disertaciji, ki je močno podprto s predkliničnimi in 











Slika 7: Predlagani prihodnji model na osnovi slik PET, ki združuje modeliranje od spodaj navzgor in modeliranje od 
zgoraj navzdol.   
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